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Abstract

Background: During health emergencies, effective infodemic management has become a paramount challenge. A new era
marked by a rapidly changing information ecosystem, combined with the widespread dissemination of misinformation and
disinformation, has magnified the complexity of the issue. For infodemic management measures to be effective, acceptable, and
trustworthy, a robust framework of ethical considerations is needed.

Objective: This systematic scoping review aims to identify and analyze ethical considerations and procedural principles relevant
to infodemic management, ultimately enhancing the effectiveness of these practices and increasing trust in stakeholders performing
infodemic management practices with the goal of safeguarding public health.

Methods: The review involved a comprehensive examination of the literature related to ethical considerations in infodemic
management from 2002 to 2022, drawing from publications in PubMed, Scopus, and Web of Science. Policy documents and
relevant material were included in the search strategy. Papers were screened against inclusion and exclusion criteria, and core
thematic areas were systematically identified and categorized following PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines. We analyzed the literature to identify substantive ethical principles that were crucial
for guiding actions in the realms of infodemic management and social listening, as well as related procedural ethical principles.
In this review, we consider ethical principles that are extensively deliberated upon in the literature, such as equity, justice, or
respect for autonomy. However, we acknowledge the existence and relevance of procedural practices, which we also consider as
ethical principles or practices that, when implemented, enhance the efficacy of infodemic management while ensuring the respect
of substantive ethical principles.

Results: Drawing from 103 publications, the review yielded several key findings related to ethical principles, approaches, and
guidelines for practice in the context of infodemic management. Community engagement, empowerment through education, and
inclusivity emerged as procedural principles and practices that enhance the quality and effectiveness of communication and social
listening efforts, fostering trust, a key emerging theme and crucial ethical principle. The review also emphasized the significance
of transparency, privacy, and cybersecurity in data collection.

JMIR Infodemiology 2024 | vol. 4 | e56307 | p.4https://infodemiology.jmir.org/2024/1/e56307
(page number not for citation purposes)

Germani et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

mailto:reisa@who.int
http://www.w3.org/Style/XSL
http://www.renderx.com/


Conclusions: This review underscores the pivotal role of ethics in bolstering the efficacy of infodemic management. From the
analyzed body of literature, it becomes evident that ethical considerations serve as essential instruments for cultivating trust and
credibility while also facilitating the medium-term and long-term viability of infodemic management approaches.

(JMIR Infodemiology 2024;4:e56307)   doi:10.2196/56307

KEYWORDS

World Health Organization; ethics; infodemic management; social listening; review; infodemic; health emergency; health
emergencies; misinformation; disinformation; scoping review; ethical principles; community engagement; empowerment; data
privacy; effectiveness

Introduction

Background
In an age dominated by the digital dissemination of information
and in an information ecosystem [1] in which the digital divide
continues to be a global challenge, a new term has recently
emerged, one that reflects the profound impact of the digital
age on our information landscape: “infodemics,” derived from
the fusion of the terms information and epidemic [2,3]. The
World Health Organization (WHO) defines an infodemic as the
surge of information, both accurate and false, that inundates the
public during acute health events such as outbreaks and
epidemics. These infodemics hold far-reaching consequences,
affecting public health, shaping societal decision-making, and
influencing individual behaviors [4].

Infodemics can have a detrimental effect on public health efforts
by raising questions, concerns, and doubts, which, if unresolved,
may lead to information voids, alongside an overabundance of
information, accurate or not, that can incite panic and confusion
while hindering the dissemination of vital information [5-7]. In
the digital era, distinguishing fact from fiction is a difficult task
for the public [8,9], and the successful recognition of the
accuracy of information requires information literacy and critical
thinking [10-12]. Equally complex is the role of public health
institutions and infodemic managers, as they navigate a polarized
society that often rejects well-intentioned, safety-focused
information [13].

Infodemic management refers to the processes and strategies
put in place to monitor and improve the information ecosystem,
including handling and controlling the spread of misinformation
and excessive information during health crises [14]. Social
listening involves monitoring and analyzing online and offline
conversations (eg, on social media) to gain insights into public
sentiment, concerns, and behaviors during such crises [15].
Social listening is an integral component of infodemic
management, as it is an important source of insights to improve
public health interventions [15,16].

The importance of ethics in infodemic management has been
underscored amid the COVID-19 pandemic [17-19], as the lack
of the integration of ethical approaches in the management of
infodemics has diminished the potential for long-term
effectiveness of these strategies, leading to a decline in trust for
those same institutions safeguarding public health [20].

Ethical considerations encompass a broad scope, including
determining when and under what circumstances intervention
in the public information space is justifiable. Privacy, autonomy,

trust, and the potential for censorship are all salient issues
[21-24]. Neglecting these ethical dimensions can have profound
consequences, eroding public trust and inadvertently causing
harm [25]. Therefore, it is crucial to explore how ethical
awareness may contribute to improving the effectiveness of
these practices and how ethics can offer practical tools to solve
the problems posed by infodemics. Infodemic management is
a discipline driven by a moral imperative to improve the quality
of the information ecosystem, thereby ensuring better public
health outcomes and saving lives. In this review, ethical
considerations are therefore defined as reasonings on morally
significant principles intended to shape and guide the actions
of stakeholders involved in and executing infodemic
management practices [26]. We consider as “ethical
considerations” not only those concerning the implementation
of the infodemic management moral imperative but also those
that enhance the short-term and long-term effectiveness of
infodemic management.

The concept of infodemics gained prominence during the
COVID-19 pandemic [2,7,14] and is expected to remain a
pressing concern even as COVID-19 is no longer a major public
health emergency [7,27,28]. Given the recent focus on
integrating ethics into infodemic management and social
listening [25,29], coupled with the expanding scope of
infodemic-related challenges and the widespread adoption of
social listening techniques for monitoring public health concerns
and behaviors, it is imperative to investigate how existing
literature addresses the ethical dimensions of infodemic
management and social listening. This exploration can provide
valuable insights to guide the integration of ethics into infodemic
management and social listening practices while ensuring their
effectiveness. The aim of this systematic scoping review is to
pinpoint ethical considerations that have proven beneficial in
the past, thereby informing and guiding future advancements
in the field.

Recognizing the global urgency of integrating ethics into
infodemic management and social listening practices, the WHO
established the expert group (EG) on ethical considerations in
infodemic management and social listening in 2023 [29]. This
EG, coordinated by the Unit for High Impact Events
Preparedness and the Health Ethics and Governance Unit at
WHO, highlights the need for a comprehensive and ethically
sound response to infodemics, with an eye to improve infodemic
management practices as devised during the acute phases of the
COVID-19 pandemic. The EG is developing practical tools to
guide infodemic managers to ethically monitor infodemic trends
and guide interventions. The EG discusses emerging dilemmas,
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practical applications of guidance in the field, and areas
requiring deeper exploration. Importantly, the EG is working
toward the goal of creating WHO ethics guidance and a practical
implementation framework, along with accompanying tools,
for infodemic managers and public health institutions involved
in shaping or conducting infodemic management. The systematic
scoping review described in this paper is essential for the work
of the WHO’s EG on ethical considerations in infodemic
management and social listening by providing literature-driven
insights and grounding their discussions and guidance in
empirical evidence. In addition to detailing the practical
initiatives already implemented to integrate ethics into the
practice of infodemic management and social listening, this
systematic scoping review also aims to describe the global health
research community’s perspective and understanding of the
ethical dimensions crucial to infodemic management, thus
blending practical, theoretical, and experimental perspectives
to advance the field.

Objectives
The primary objective of this review is to identify, categorize,
and analyze the ethical challenges and issues related to
infodemics and their management. Our scope primarily covers
literature published between 2002 and 2022, extracted from
PubMed, Web of Science, and Scopus and enriched by a
substantial amount of gray literature and policy documents
contributed by distinguished experts in the field.

Methods

A Methodological Note on Our Approach to Ethics
Traditionally, ethical inquiry in applied ethics has been centered
on establishing, defining, and elucidating substantive ethical
principles [30,31]. These principles guide ethical
decision-making and conduct. Commonly considered substantive
principles include equity, justice, beneficence, and respect for
autonomy. Within the context of our investigation of the
literature concerning ethics and infodemic management, we
fundamentally consider these principles, which provide a
theoretical foundation for ethical considerations in infodemic
management. However, our approach diverges from traditional
frameworks by incorporating not only substantive ethical
principles but also procedural principles that we consider as
“proethical” [32]. While substantive ethical principles offer
overarching moral guidance, procedural principles operationalize
substantive principles into actionable steps for implementation
in practice. In this systematic scoping review, we recognize the
significance of both types of ethical considerations in the
domains of infodemic management. By systematically
examining the literature through the lens of both substantive
and procedural principles, we aimed to provide a comprehensive
understanding of ethics in the context of infodemic management
during emergency health crises. Our analysis goes beyond
defining ethics and identifying ethical principles that need to
be respected in infodemic management; rather, it seeks to
identify practical strategies and methodologies that can enhance
the ethical conduct of infodemic management while augmenting
the effectiveness of these practices. We used this approach as
we acknowledge the dynamic and rapidly evolving nature of

ethical challenges in public health and infodemic management
specifically.

Approach
This review intertwines elements from both scoping and
systematic reviews. Traditionally, a scoping review maps an
expansive and varied body of literature to provide an overview
of a broad subject area, identifying knowledge gaps [33]. A
systematic review consolidates empirical evidence from a set
of studies centered around a precise research question [33]. Our
review has the goal of a scoping review and adopts the
methodology of a systematic review [34]. We adhered to the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines [35]. The PRISMA checklist is
available in Multimedia Appendix 1 [6,7,16,17,27,28,36-78].

Query Definition
To initiate the search and extraction process, we used
TopicTracker for text mining within PubMed records [79].
Using TopicTracker, we executed our initial query (query v0).
All versions of our queries are available in Multimedia Appendix
1. This preliminary attempt harvested 34 papers. Interestingly,
only 3 (9%) of these 34 papers were published prior to 2019,
focusing on infodemics or social listening aspects that were not
tethered to the COVID-19 narrative. A discernible challenge
emerged from this exercise: the term “infodemic” was yet to be
recognized as a standard keyword to describe research in the
field of infodemic management and social listening before 2020.
In response, we opted for an expansive approach [80], mining
the initial results for synonyms, medical subject heading terms,
and lemmas that encapsulate the essence of “infodemic.”
Underpinning “infodemic” as the overabundance of information,
encompassing misinformation, particularly visible in digital
spheres during significant health crises [81], we refined our
initial query, leading to the formulation of query v1. This revised
query retrieved 151 papers. The earliest papers trace back to
2003, with 54 (36%) of the 151 papers published before the
onset of the COVID-19 pandemic. Following a deliberation
session with the WHO EG panel on ethical considerations in
infodemic management and social listening, we decided to
further amplify our search strategy, mining for an expanded
array of keywords resonating with “social listening” and
incorporating synonymous descriptors for “infodemics,” namely,
“information overload,” “information pollution,” “information
quality,” “health information,” “information voids,” and
“information deficits,” gleaned from a related research project
with the goal of mapping infodemic management interventions
during health emergencies [82]. The above expansions led to
the formulation of query v2. Despite a noticeable expansion in
OR keywords, this query fetched only 1 additional paper
compared to its predecessor (n=152), suggesting a saturated
and robust query formulation. Finally, after another collaborative
session with the EG, where query v2 was discussed, we added
a few keywords to ensure that the query was not overly
restrictive to a few fields of application in the realm of infodemic
management and social listening. This iteration, termed query
v3, yielded a list of 225 papers. The structure of this query is
comprehensively detailed, alongside all previous versions of
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the query, in Multimedia Appendix 1 and in the study’s protocol
stored on our Open Science Framework (OSF) repository [83].

Query Translation
Once the query was validated by the EG, we translated query
v3 for compatibility with Scopus and Web of Science. Detailed
representations of these translations are presented in Multimedia
Appendix 1 and in the study’s OSF repository [83]. Further
enriching our corpus, the EG provided additional material to
be added to the list of retrieved items: this comprised not only
traditional literature but also gray literature, references from
United Nations and WHO work, and recently published work
(beyond the cutoff imposed by our study design at the end of
2022). All these elements were integrated into the corpus of the
literature retrieved with query v3 and translated queries for
Scopus and Web of Science.

Data Retrieval and Screening of Records
Records extracted from the various sources were collated and
stored in a publicly accessible Zotero (Corporation for Digital
Scholarship) project [84]. Initial sifting was based on the
exclusion criteria applied to the record titles and abstracts. The
defined exclusion criteria were as follows: record does not
mention social listening or infodemic management (directly or
indirectly; see “infodemics (expanded)” in query definition and
query v3; or record does not mention outbreak, epidemic, or
pandemic; or record does not mention public health, risk to
public health, public health emergency, and related concepts
[both “acute” and “chronic”]); record does not mention ethics
or ethical aspects; and record is not in English

Screening of Full Texts
We made use of Zotero's automatic download feature to retrieve
the full texts of the previously shortlisted records. For papers
that were not amenable to automatic downloading, we conducted
a manual search to obtain them. For a paper to be incorporated
into our main corpus, it had to meet the following inclusion
criteria: full text is available; full text mentions social listening
or infodemic management (directly or indirectly; see
“infodemics (expanded)” in query definition or query v3; or
full text mentions outbreak, epidemic, or pandemic; or full text
mentions public health, risk to public health, public health
emergency, and related concepts [both “acute” and “chronic”]);
full text mentions ethics or ethical aspects; and full text is in
English

Paper Assessment
To streamline the process of assessing all retrieved items, we
designed a specialized web app leveraging Python (Python
Software Foundation) and its Streamlit framework [85]. A
comprehensive assessment of the corpus is available for scrutiny
via the aforementioned web app or in the study’s OSF repository
[83]. This custom-built platform facilitates multiuser access and
interaction and is securely hosted on a Firebase (Google LLC)
database. We recorded a wide array of details related to each
paper, including adherence to the established inclusion criteria;
country of origin or focus of the research; year of the study
(which might differ from the year of publication); specific health
emergency or health-related issue tackled; type of study, whether
theoretical, empirical, a literature review, and so on;

methodological approach used; in-depth understanding and
definition of infodemic management and social listening
strategies presented; exploration of ethical considerations
concerning infodemics; ethical challenges in infodemic
management; aims of infodemic management and social
listening strategies; and concluding insights and
recommendations.

Analysis
We conducted an analysis of papers that met our inclusion
criteria to evaluate the fundamental themes that emerged from
the literature. Our thematic analysis entailed identifying
recurring patterns, key concepts, and trends related to ethical
considerations in the context of infodemic management and
social listening during health emergencies. It is important to
note that not all these concepts fit the standard definition of
“principle”; some encompass processes and conceptual
frameworks that were not previously categorized as principles
(see discussion in the A Methodological Note on our Approach
to Ethics section). In addition to the substantive principles
essential for addressing ethical concerns in infodemic
management, we have also identified proethical procedural
principles [32]. As mentioned earlier, these may not conform
strictly to the traditional definition of principles in ethics; they
encompass a mix of principles, concepts, and processes.
However, when implemented, they ensure adherence to
substantive principles and effectively address ethical tensions
and issues in infodemic management. To structure our analysis,
we created a comprehensive analytical framework that revolved
around 2 core areas: the ethical issues pertinent to infodemic
management and the ethical aims or values to be pursued in this
context. To ensure a systematic approach, we associated these
themes with their respective source papers. This phase laid the
groundwork for the subsequent synthesis of findings and the
development of a profound understanding of the ethical
dimensions of infodemic management, as elaborated in the
Results section. Our coding procedure was conducted in a
blinded manner. Initially, 2 independent researchers took
detailed notes on ethical issues in infodemic management using
a specialized web application built with Python and the Streamlit
framework [85]. In the second step, they categorized these issues
into thematic clusters based on the output of the application,
which presented data in a tabular data set without direct
reference to the source papers. Finally, 2 independent
researchers collaboratively coded and mapped the different
ethical issues and objectives in infodemic management.

Results

Characterization of Included Papers
Through the query described in the Methods section of the paper,
we identified 225 records through PubMed, 578 through Web
of Science, and 1868 through Scopus, as described schematically
in the PRISMA diagram in Figure 1. We also manually included
35 additional items, which were considered to be relevant by
the WHO EG on the ethics of infodemic management and social
listening [29], most of which were published recently and would
have otherwise been excluded by our inclusion criteria (ie,
papers until the end of 2022). We identified 2706 records and
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removed 227 (8.4%) duplicates. We screened the remaining
2479 (91.6%) records against the exclusion criteria and excluded
2261 (91.2%) items. Of the remaining 218 full texts, we
excluded those that did not match the inclusion criteria; we
removed 115 (52.8%) full texts for a total of 103 (47.2%) studies
included in the review (Figure 1). Among the studies included
in our systematic scoping review, we encountered a diverse
array of publication types, including 88 journal papers (85.4%),
9 documents (8.7%), 2 preprints (1.9%), 2 reports (1.9%), 1
presentation (1%), and 1 book (1%). These studies encompassed
a spectrum of research types, most of which were theoretical
studies (n=45, 43.7%), followed by empirical (n=35, 33.9%),
viewpoints or commentaries (n=14, 13.6%), literature reviews
(n=4, 3.9%), or other type of studies (n=5, 4.9%). Focusing on
empirical research items, most studies were either observational
(n=9, 25.7%) or cross-sectional research (n=8, 22.9%), while
experimental studies were the least frequent (n=5, 14.3%). The
included literature discussed different types of health
emergencies. Of the 103 papers, 49 (47.6%) papers explored
ethical aspects related to infodemic management and social
listening during pandemics and epidemics, including COVID-19,
H1N1 influenza, HIV, measles, H5N1, and dengue. An

additional 24 (23.3%) of the 103 papers focused on infodemics
related to the COVID-19 pandemic or vaccine hesitancy. A few
(n=6, 5.8%) papers addressed chronic health emergencies,
including those related to smoking, alcohol, obesity, nutrition,
and food risk, while others discussed environmental hazards
such as radioactivity, floods, disasters, water pollution, and
contamination. Of note, most research items (n=70, 68%) were
published during the COVID-19 pandemic, with a significant
surge from 2020 onward, peaking in 2021 (n=37, 35.9%) and
remaining substantial in 2022 (n=18, 17.5%). We also looked
at the geographical origin of the papers included in the review.
Breaking down the analysis per continent, we found that Europe
(n=58, 56.3%) is the most represented continent in our review
database, followed by North America (n=38, 36.9%) and Asia
(n=27, 26.2%). Only 1 (9.7%) item published by researchers
from Central and South America was included (Figure S1 in
Multimedia Appendix 1). Since the cutoff was at the end of
2022, we initially made reference to the Open Science
Framework repository of 1 paper [82]; however, during review,
this paper was published and we decided to link to the published
version instead.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram.
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Ethical Issues and Ethical Aims in Infodemic
Management and Social Listening
We analyzed the 103 papers included in our review. Noteworthy
themes emerged, in particular the relevance of adopting nuanced
strategies for effective communication, outreach efforts, and
the importance of disseminating truthful information. Trust and
the consequences of mistrust in infodemic management contexts
were also significant areas of discussion. Furthermore, ethical
practices concerning surveillance and social listening were also
key points of discussion and, in particular, the ethical
implications of social listening practices on privacy rights. In
addition, several papers evaluated the importance of addressing
vulnerability and equity in the design of infodemic management
and social listening strategies, as well as navigating the balance
between safeguarding free speech and combating
misinformation. Other topics included the lack of community
engagement in infodemic management and social listening, the
ethical dilemma of informing versus manipulating the public
toward desired health behaviors, conflicts of interest, and the
importance of honesty, as well as the critical need for education
and fostering critical thinking skills to build autonomy. Table
1 provides a comprehensive overview of the identified ethical
issues and references.

In addition to exploring ethical issues, we examined the
overarching ethical aims of infodemic management and social
listening discussed in the corpus of papers. Our analysis revealed
primarily the ethical importance of disseminating truthful
information. Notably, social listening emerged not only as an
issue but also as an ethical goal in infodemic management, that
is, listening to and understanding concerns and reacting to them
in a timely manner. Furthermore, crucial aims included
community engagement, trust-building initiatives, transparency,
and educational strategies. In addition, ensuring inclusivity and
equity, leveraging fact-checking mechanisms to counter

misinformation, and prioritizing privacy and anonymization in
social listening practices were among the top aims identified.
While many of these ethical aspects were already recognized
as crucial ethical issues requiring resolution, their prominence
as aims in infodemic management, and not only as issues to
solve, highlights the primary importance placed on resolving
ethical tensions and integrating ethics into these practices. Table
2 shows a comprehensive list of the identified ethical aims and
references.

To visualize the data, we graphically represented the relevance
of the different ethical issues and aims in infodemic management
by creating a bubble graph (Figure 2A), in which we defined,
on the x-axis, the relevance of each ethical issue based on how
often it was discussed in the corpus of publications retrieved
with our query. The value on the y-axis is determined by how
often each ethical aim was represented in our corpus of
publications. The entire list of ethical issues and aims is
presented in Multimedia Appendix 2. The size of the bubbles,
determined by the sum of the x and y values, visually represents
the relevance of the ethical concepts and principles. This serves
as a starting point to define which aspects have been considered
by the literature when integrating ethical approaches in
infodemic management. We also split the different ethical
concepts and principles into 6 different categories, as highlighted
by the different colors of the bubbles (Figure 2A). The main
categories we identified were linked to “communication, media,
and information”; “privacy, surveillance, and data ethics”;
“ethics, responsibility, and governance”; “social equity and
inclusivity”; and “public engagement and education.” We
identified 2 relevant clusters housing the most prevalent ethical
concepts and principles within our corpus of publications. These
clusters will be subject to our analysis in this review, with cluster
1 principles being discussed in the main manuscript and cluster
2 ethical considerations being discussed in Multimedia Appendix
1 (Figure 2B).
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Table 1. List of ethical issues in infodemic management and social listening and the frequency with which the issue has been reported in the literature
analyzed in the review (n=103).

ReferencesPapers, n (%)Ethical issue in infodemic management
and social listening

Rank number

[17,18,36-40,45,53,61-64,86-102]30 (29.1)Right to be informed truthfully, commu-
nication, and outreach

1

[16,18,38,40,51,52,57,58,65,66,88,90,91,93,94,96,99-101,103-111]28 (27.2)Trust and mistrust2

[6,7,16,17,27,36,40,44-50,54,55,60,67-69,86,98,108,112-116]28 (27.2)Surveillance and social listening3

[36-38,50-53,55,59,63,68,82,87-89,98,101,103,110,113,117-121]25 (24.3)Vulnerability and inequity4

[2,7,17,40,42,59,62,64,70,71,82,90,107,110,122,123]16 (15.5)Free speech versus regulation5

[7,47,51,52,54,55,65,69,108,114-117,124]14 (13.6)Right to privacy6

[17,18,46,54,57,63,86,98,112,125,126]11 (10.7)Lack of community engagement7

[17,36,40,61,90,97,104,110,127,128]10 (9.7)Informing versus manipulating8

[36,38,39,51,63,71,105,109,126,129]10 (9.7)Honesty and conflicts of interest9

[17,36,46,62,88,96,110,123,130]9 (8.7)Lack of education10

[17,49,61,63,68,86,92,105,126]9 (8.7)Necessity11

[7,36,52,54,65,82,98,108,124]9 (8.7)Cybersecurity12

[36,38,54,63,86,92,93]7 (6.8)Lack of transparency13

[51,58,59,61,94,109,122]7 (6.8)Individual versus collective health14

[7,39,60,63,71,129]6 (5.8)Good governance15

[39,61,63,92,96,99]6 (5.8)Epistemic underdetermination16

[52,59,61,62,104,121]6 (5.8)Lack of autonomy17

[38,58,59,97,100,103]6 (5.8)Power imbalances18

[63,71,96,98,99,110]6 (5.8)Translation of evidence into public
health practice

19

[58,62,105,109,131]5 (4.8)Responsibility20

[41,51,87,96,126]5 (4.8)Different cultural perspectives21

[109,119,120,123]4 (3.9)Stigma22

[2,62,71,99]4 (3.9)Definition of truth23

[86,89,121,122]4 (3.9)Alignment with human rights framework24

[69,112,123,131]4 (3.9)Legality25

[61,93,112,126]4 (3.9)Proportionality26

[42,129,130]3 (2.9)Social media practices27

[54,60,64]3 (2.9)Control of citizens28

[2,17,66]3 (2.9)Selection bias and information bias29

[53,109,126]3 (2.9)Fairness30

[102,109,127]3 (2.9)Appeal to fear31

[44,98,113]3 (2.9)Data and representation inclusiveness32

[28,98]2 (1.9)Lack of research33

[42,89]2 (1.9)Beneficence34

[52,63]2 (1.9)Solidarity35

[48]1 (1)Lack of openness36

[70]1 (1)Criminalization37

[112]1 (1)Lack of independent oversight38

[63]1 (1)Reciprocity39
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ReferencesPapers, n (%)Ethical issue in infodemic management
and social listening

Rank number

[86]1 (1)Absence of an ethical framework40
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Table 2. List of ethical aims of infodemic management and social listening and the frequency with which the aims have been reported in the literature
analyzed in the review (n=103).

ReferencesPapers, n (%)Ethical aims in infodemic management
and social listening

Rank number

[6, 16-18, 27, 28, 36, 39, 43-45, 47, 48, 50, 54, 55, 57, 60-64, 69, 71,
82, 86, 87, 88, 92, 95, 100, 104, 107, 117-119, 123-125, 127, 132-139]

48 (46.6)Truthful communication and outreach1

[6, 7, 16, 17, 27, 36, 37, 43, 44, 47, 50, 51, 53, 54, 59, 60, 82, 86, 87,
96, 98, 108, 113, 117, 123, 124, 128, 130, 131, 134, 136]

31 (30.1)Surveillance and social listening2

[16,17,41,43-47,50,53,55,60-63,67,82,86,96,112,114,117,125,133-136,140,141]29 (28.2)Community engagement3

[7,17,28,36,43-45,57,61,66,70,82,106,108,117,132,133,135,139,141,142]21 (20.4)Trust4

[7,17,41,43-45,48,50,61-63,72,112-114,119,124,134,139-141]21 (20.4)Transparency5

[16,27,28,42,47,55,57,59,62-64,70-72,82,96,106,118,128,138]20 (19.4)Empowerment through education and
educational strategies

6

[6,17,18,28,37,44,50,53,55,61-63,67,72,82,92,98,117,138,139]20 (19.4)Inclusivity and equity7

[17,36,39,45,50,60,61,63,112,119,127,132,135,141]14 (13.6)Effectiveness of targeted interventions8

[6,27,36,37,62,70,104,105,110,118,121,123,124,128]14 (13.6)Fact checking and labeling misinforma-
tion and debunking misinformation

9

[7,17,48-50,60,67,68,112,114,116,124]12 (11.6)Guarantee privacy and anonymization10

[52,59,61,64,82,92,96,97,100,117]10 (9.7)Influencing health behavior and improv-
ing health

11

[41,43,45,50,55,72,117,124,136]9 (8.7)Foster cooperation between institutions12

[16,17,47,55,61,112,134,137]8 (7.8)Transform evidence in communication
and policies

13

[17,50,54,60,86,134,141]7 (6.8)Openness14

[6,7,39,44,50,63,64]7 (6.8)Good governance15

[27,39,45,61,63,134]6 (5.8)Honesty and integrity16

[43-45,51,69,143]6 (5.8)Acknowledgment of failure and evalua-
tion of impact

17

[37,43,44,63,134,143]6 (5.8)Acknowledging uncertainty (epistemic
underdetermination)

18

[45,82,112,114,134]5 (4.8)Respect for human rights19

[45,49,50,109,112]5 (4.8)Respect for dignity and persons20

[6,45,57,125]4 (3.9)Research and generation of new ideas21

[7,49,50,124]4 (3.9)Cybersecurity22

[17,59,107,143]4 (3.9)Justice23

[17,45,49,50]4 (3.9)Autonomy24

[36,37,40,93]4 (3.9)Blocking and removing misinformation
and conspiracy theories

25

[45,72,112]3 (2.9)Accountability26

[61,109,112]3 (2.9)Nondiscrimination and stigma27

[63,139,143]3 (2.9)Solidarity28

[54,98,136]3 (2.9)Population tracing and control29

[63,139]2 (1.9)Proportionality30

[36,140]2 (1.9)Using ethical approaches (ethics for
ethics)

31

[71,118]2 (1.9)Guaranteeing free speech32

[17,45]2 (1.9)Fairness33

[67,72]2 (1.9)Independent oversight34
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ReferencesPapers, n (%)Ethical aims in infodemic management
and social listening

Rank number

[66,82]2 (1.9)Improve society, social cohesion, reduce
polarization

35

[45,95]2 (1.9)Responsibility36

[61,139]2 (1.9)Stewardship37

[52,94]2 (1.9)Enforcement of recommendations and
restrictions

38

[112]1 (1)No harm39

[44]1 (1)Acknowledge the limitations of social
listening practices

40

[63]1 (1)Reciprocity41

[42]1 (1)Protect health care professionals42

[107]1 (1)Maintenance of peace43

[107]1 (1)Maintenance of democracy44

[69]1 (1)Collect data into a single and accessible
platform

45

Figure 2. Ethical issues and aims in infodemic management and social listening. The x-axis illustrates the frequency of specific ethical issues discussed
in the literature. (A) The y-axis measures the frequency of ethical aims in infodemic management, which is also based on the number of papers discussing
them in the analyzed literature. (B) The size of the bubbles represents the sum of the x and y values and serves as a graphical representation of the
overall relevance of the ethical aspect or principle under consideration.

Analysis and Application for Each Principle
In this second part of the Results section, we will introduce each
concept and principle identified in cluster 1 (Figure 2B) and
define, for each, which specific ethical issues emerged from the
literature, which specific associated aims and goals should be
achieved, and why these aims should be achieved in the context
of infodemic management. For each of these concepts and
principles, we will identify procedural principles, which, if
applied to infodemic management, can provide practical
guidance and recommendations on how to ensure that
substantive underlying ethical principles are respected while
safeguarding the effectiveness of infodemic management
practices.

Truthful Communication and Outreach
The systematic scoping review encompassed a comprehensive
examination of literature pertaining to communication and
outreach in the context of infodemic management and the
practice of social listening. Several critical findings emerged,
and they were categorized into distinct thematic aspects, each

of which holds significant implications for ethical and effective
communication and outreach in the context of infodemic
management.

The first pertains to inclusivity. The reviewed literature
emphasizes the importance of crafting communication strategies
that take into account the needs of vulnerable groups [36,86,87].
This includes individuals with limited or no access to the internet
or with restricted use of social media platforms, such as those
who rely solely on services such as WhatsApp for information.
Recognizing the fragility of communication technologies is
paramount, as technical disruptions can impede information
dissemination efforts [37]. In particular, the literature highlights
the vulnerability of individuals with low information and media
literacy, who are at a heightened risk of falling victim to
misinformation [88]. Consequently, the ethical principle of
vulnerability intersects with the imperative for education and
literacy. It is therefore fundamental to address these
vulnerabilities in communication strategies [38,89].

The second thematic aspect underscores the significance of
maintaining consistency and reliability in information
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dissemination to foster public trust [88]. Addressing information
gaps and uncertainties is crucial to mitigate the spread of
misinformation [90]. However, it is essential to exercise caution
when providing information in situations characterized by
epistemic underdetermination [39,91,92]. Incorrect or imprecise
information can have detrimental effects, contributing to
information overload and confusion among recipients [40]. This
can erode institutional trust and hinder the receptivity of future
public health advice [18]. Therefore, a foundation of
evidence-based and epistemically truthful communication is
advocated to guide the development of public health messages
and strategies, which ultimately serve to bolster public trust
[93].

Furthermore, the literature emphasizes the risk of information
overload, even when the information is accurate. To mitigate
this, communication from reliable sources should strike a
balance between countering disinformation and avoiding
overwhelming the intended audience. Information should be
timely, accurate, disseminated through appropriate channels,
and designed for the specific target population [94]. Ensuring
clarity and timeliness is considered fundamental, and the use
of plain language and suitable metaphors is recommended to
enhance public comprehension [16,144]. The employment of
personnel experienced in scientific communication can be
instrumental in conveying complex scientific information to
the public. Tailoring messages to specific audiences significantly
improves understanding and engagement, especially in risk and
crisis communication situations, where reassurance and panic
mitigation are integral strategies [17].

A third aspect identified in the literature centers on the dynamics
of social media communication as a key component in infodemic
management [145,146]. Social media platforms are recognized
as significant channels for information dissemination, making
social media literacy an essential skill for effective
communication [147]. The choice of communication channels

should align with the specific message being conveyed and the
intended target public [17]. Engaging with influencers, key
opinion leaders, and religious figures is seen as a means to aid
in the dissemination of accurate information [17,41,145].

Importantly, the reviewed literature underscores the importance
of improving the information ecosystem as a fundamental goal
in infodemic management. This involves enhancing access and
exposure to credible health information and encouraging positive
changes in information-seeking behavior [18,92,95,96].
Promoting information literacy among the public empowers
individuals to critically evaluate and understand the information
they encounter, thereby reducing the impact of misinformation
[17,42].

Finally, the literature stresses the necessity of continuously
assessing the effectiveness of communication strategies.
Feedback should inform the development of new and improved
approaches. In this context, advocacy and community
engagement are recognized as pivotal in ensuring effective
communication and outreach [43,44,97]. Involving
representatives of the target public in the design of
communication strategies enhances effectiveness and ensures
that community voices are heard [45,46]. Small-scale social
listening approaches, in which community members provide
real-time feedback, offer valuable insights into the effectiveness
of communication and outreach strategies [43,44]. These
elements collectively contribute to the efficacy of public health
measures and ensure that communication is conducted in an
ethical and responsible manner.

In light of the insights and considerations drawn from the
reviewed literature, we have articulated a set of ethical
procedural principles. When applied to communication and
outreach within the framework of infodemic management
practices, these principles enhance their effectiveness while
upholding ethical standards, as visually represented in Figure
3.

Figure 3. Procedural principles to ensure ethical and effective communication and outreach for infodemic management. The x-axis illustrates the
frequency of specific ethical issues being discussed in the literature. The y-axis measures the frequency of ethical aims in infodemic management, which
is also based on the number of papers discussing them in the analyzed literature. The size of the bubbles represents the sum of the x and y values and
serves as a graphical representation of the overall relevance of the ethical aspect or principle under consideration.
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The first principle, encapsulated by the terms vulnerability and
equity, underscores the imperative of ensuring equitable access
to information, particularly for vulnerable groups, thus
promoting inclusivity. Another critical facet is community
engagement, emphasizing the active involvement of the public
in infodemic management and social listening practices. This
involvement, notably in the design of communication strategies
and the generation of feedback, facilitates the integration of
public concerns into public health initiatives, whether related
to prevention or risk and crisis communication [17].
Empowerment through education serves as a substantive ethical
requirement, emphasizing the significance of fostering
information literacy to nurture a healthier information ecosystem
and mitigate the adverse effects of misinformation. The concept
of epistemic underdetermination acknowledges the need to
address information gaps transparently, especially when
evidence-based information is unavailable. In Figure 3, the issue
of informing versus manipulating behavior intends to highlight
that a highly literate health information ecosystem should
provide adequate information to enhance individual and public
health without resorting to manipulative tactics, which could
erode institutional trust over time [18,88,127]. The principles
of honesty and avoiding conflicts of interest, represented as
honesty and conflicts of interest in Figure 3, emphasize the
pivotal role of honesty and the avoidance of conflicts of interest
in shaping communication and outreach within infodemic
management, thereby safeguarding trust. The principle of
autonomy relates to a combination of building information
literacy through educational approaches and ensuring inclusivity
and equity. The principle of evaluating and acknowledging
failure, presented in Figure 3, encourages the development of
more effective information campaigns through iterative
processes involving communities. Effectiveness of targeted
interventions underscores that ethically sound communication
campaigns are a prerequisite for their effectiveness. Fact
checking and debunking, presented in Figure 3, further
underscores the importance of these activities as primary
objectives in communication and outreach efforts to combat
misinformation. Finally, translating evidence into public health
practices emphasizes the critical task of translating evidence
into tangible health benefits for individuals and communities,
even in the face of challenges such as epistemic
underdetermination or a polarized and misinformation-rich
information ecosystem.

These ethical procedural principles together constitute a robust
foundation for the development and implementation of
communication and outreach strategies within the context of
infodemic management. Their application not only bolsters the
effectiveness of these practices but also ensures ethical integrity
and adherence to ethical standards.

Monitoring and Social Listening
We also examined the landscape of ethical considerations
regarding monitoring and social listening in infodemic
management. This comprehensive exploration has revealed
several pivotal findings and strategic approaches, each bearing
profound implications for the ethical conduct of monitoring and
social listening as they relate to the management of information
epidemics.

In the ethically complex arena of surveillance and data
collection, under specific circumstances requiring
comprehensive data sets and rigorous data protection,
individuals may have an ethical obligation to contribute to
monitoring even without explicit consent [47-50]. That said,
the principle of autonomy, implemented through the practice
of obtaining informed consent, should stand as the foremost
pillar whenever possible. It advocates for integrating informed
consent into social listening practices, ensuring that individuals
are aware of and consent to data collection [47]. The literature
widely advocates for informed consent as a key ethical practice
in data collection, emphasizing that it is essential, not a
hindrance, in sustaining institutional trust and respecting privacy
rights [47,48,50]. This approach enhances public confidence in
data-driven methods. Balancing data and privacy, raising privacy
awareness, and maintaining confidentiality and anonymity are
crucial for upholding the ethical standards of data collection
and therefore mitigating the erosion of trust [51,52].

Transparency is the bedrock upon which trust is constructed.
To foster public trust and ethical conduct, articulating data
collection practices to the public and offering a clear overview
of the social listening strategy is suggested to be fundamental
in the analyzed corpus of literature [38,86,93]. This transparency
assures the public that their data are managed responsibly. A
cardinal rule in ethical data collection is to prioritize active
social listening practices over passive social listening approaches
[38,48]. Engaging with the public actively, considering their
concerns, and respecting their autonomy are in line with key
ethical principles. Instead, passively extracting data, for
example, to monitor public concerns and rumors, may impact
public trust in the medium and long term [17,38,48]. The corpus
of literature thus underlines that ethical decision-making
demands that all public concerns are taken into account when
converting social listening insights into infodemic management
strategies [14,112]. Community engagement is not just an ethical
necessity but a source of valuable insights [53,148,149].

Furthermore, the literature underlines that it is crucial to
emphasize that social listening must not be used for tracking
dissent, population control, or governmental monitoring [48,54].
This ethical use safeguards against potential misuse and
violations of privacy [50,54,55].

A second important aspect to ensure ethical data collection is
that representativeness in data is the standard. This inclusivity
encompasses demographic diversity, language considerations,
and the types of data captured [44,87,98,113]. By avoiding
research biases, ethical data collection becomes a more powerful
tool for understanding the information landscape [17,44]. If the
design of social listening is not inclusive, the conclusions drawn
from the data may have limited or even negative repercussions
for vulnerable groups or groups that were not considered or
integrated into the social listening design [14,44].

To ensure effective social listening, monitoring information
should happen in real time, including both online and offline
sources. This is instrumental in detecting narratives, questions,
concerns, and misinformation within the information ecosystem.
Despite the focus on effectiveness, data security remains
paramount, ensuring the protection of sensitive data and
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preventing unauthorized access or use [53,54,148,149]. Evidence
suggests that a breach in security would lead to a reduction of
trust, and a reduction of trust would lead to decreased
effectiveness of social listening [54]. Thus, also in this case,
ethical social listening is necessary to guarantee the effectiveness
of infodemic management practices in the short and long term.
In addition to cybersecurity, respecting individuals’ right to
privacy is considered fundamental [50,54,55]. This includes
data anonymization and the implementation of robust data
security measures to safeguard sensitive information. When
anonymization and data security are guaranteed, in situations

of necessity, social listening practices can shift more toward
passive approaches [17,48,54].

In line with the methodology outlined in our communication
and outreach framework and guided by the recommendations
and insights gleaned from the reviewed literature, we have
formulated a set of ethical procedural principles applied to the
domains of surveillance and social listening; these principles
are instrumental in bolstering the efficacy of social listening
practices while upholding the highest ethical standards, as
visually depicted in Figure 4.

Figure 4. Procedural principles to ensure ethical and effective social listening practices. The x-axis illustrates the frequency of specific ethical issues
discussed in the literature. The y-axis measures the frequency of ethical aims in infodemic management, which is also based on the number of papers
discussing them in the analyzed literature. The size of the bubbles represents the sum of the x and y values and serves as a graphical representation of
the overall relevance of the ethical aspect or principle under consideration.

The most important procedural principle is trust. Prioritizing
trust fosters the perception of surveillance and social listening
endeavors as constructive measures dedicated to ensuring public
health. The second principle emphasizes inclusivity and equity
(Figure 4; vulnerability and equity), advocating for the
development of social listening practices that are free from
biases and sensitive to the needs of vulnerable populations. It
is imperative that the design and implementation of these
practices aim for the utmost representation, extending to the
insights derived from social listening (data and representation
inclusiveness as another procedural principle). Community
engagement is the third aspect to consider, suggesting the
preference for the adoption of active social listening strategies
that directly involve the target audience, thereby cultivating
trust in the processes. Privacy and cybersecurity constitute 2
fundamental principles; these principles demand that privacy
and anonymity be guaranteed, especially when passive social
listening methods are used. In addition, transparency is another
procedural principle in this context, closely linked to trust and
requiring clear communication of the purpose behind any social
listening action to dispel any negative perceptions held by the
public. Necessity and proportionality are key operational
principles in this context. To avoid invasiveness in social
listening, it is essential to ensure that such practices are only
used when absolutely necessary and in proportion to the specific
circumstances [50]. Autonomy is also considered a principle to
guarantee ethically sound and effective surveillance and social

listening. It underscores the importance of ensuring that the
target audience comprehends the practices they are subject to
and that they have the power to assert control over their own
privacy, cybersecurity, and personal information.

Trust and Mistrust
At the core of trust building lies the imperative to involve the
public actively [17,38], steering clear of top-down approaches;
this is especially valid for health departments and governmental
entities [17,38,150]. Collaborative decision-making and
involving the public in shaping policies engender a sense of
inclusivity and shared responsibility [18]. Furthermore,
discouraging the pursuit of profit-driven objectives in public
health is crucial. Rather, decisions and actions should be
grounded in a commitment to the well-being of the public,
prioritizing their welfare above all else [37,56].

The literature further highlights that a critical building block
for trust building is the elevation of trust in research and
researchers [57,93,103]. This involves ensuring that research
is conducted ethically, findings are communicated transparently,
and public health initiatives are rooted in sound scientific
evidence. Ethical communication principles are paramount,
emphasizing the importance of not resorting to manipulative
tactics, even when pursuing noble causes [90,104]. Informed
and transparent communication with the target public is
essential, promoting honesty and avoiding any perception of
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manipulation (for a detailed explanation, refer to the Truthful
Communication and Outreach section) [38,93].

Furthermore, another important aspect of trust is its connection
to credibility. Trust is bolstered by credibility and the use of
expertise. Establishing oneself (this, for example, includes
researchers, public health institutions, and health departments
within governments) as a reliable and knowledgeable source of
information is pivotal in instilling trust in public health
communications [58,114,117].

Another important aspect in building trust is the engagement
of various public groups as coactors in the planning and
execution of infodemic management and social listening
initiatives; this is not merely an ethical requirement but also
provides a wealth of valuable insights that ensure the
effectiveness of infodemic management and social listening
actions. A pluralistic approach ensures that all voices are heard
and considered in the decision-making process [17,18,51,57].

Finally, the literature suggests that even public health
institutions, which have no financial interests, can benefit from
adopting branding and advertising strategies similar to those
used by business-oriented organizations. This approach helps
to effectively highlight the services they offer to the public.
This strategic approach can contribute to a stronger and more
recognizable public health identity. These strategic solutions
collectively form a robust framework for enhancing trust and
countering mistrust within the domain of public health, and that
indirectly reflect on trust for infodemic management and social
listening practices performed by such institutions [16,17].

Trust appears to be a key core principle to ensure the
effectiveness of infodemic management and social listening in
the medium- and long-term horizons, closely linked to several
procedural principles as shown in Figure 5. By integrating these
principles into practice, thus strengthening trust, public health
efforts through infodemic management can be not only more
deeply rooted in ethical conduct but also more effective.

Figure 5. Procedural principles to build trust and reduce mistrust. The x-axis illustrates the frequency of specific ethical issues discussed in the literature.
The y-axis measures the frequency of ethical aims in infodemic management, which is also based on the number of papers discussing them in the
analyzed literature. The size of the bubbles represents the sum of the x and y values and serves as a graphical representation of the overall relevance of
the ethical aspect or principle under consideration.

As highlighted by the procedural principles for trust in Figure
5, at its core, trust is nurtured through transparent, informed
communication, free from manipulation [38,90,93,104]. This
substantive principle ensures that the public receives accurate
information. Privacy and cybersecurity principles, as highlighted
in Figure 5, are nonnegotiable, safeguarding data protection and
personal privacy within surveillance and social listening.
Upholding these ethical standards reduces the likelihood of
developing public mistrust in the institution carrying on
infodemic management and social listening practices.
Furthermore, community engagement ensures that the voices of
the community are actively incorporated into the
decision-making process. In fact, building trust involves
embracing inclusive approaches, and similarly, it involves
addressing the needs of vulnerable populations. Left out and
marginalized voices that are not considered by the institutions
leading infodemic management and social listening efforts
would lead to increased mistrust. Similarly, adhering to the
principles of necessity and proportionality is key to justifying

the invasive nature of these practices and maintaining trust. The
literature also identified transparency as a key procedural
principle in this context: by explaining the purpose of social
listening practices and dispelling doubts and misconceptions,
transparency helps mitigate mistrust [38,93]. Another important
aspect considered in the literature is that striking the right
balance between free speech and necessary regulation is crucial,
preventing overreaching censorship that could erode trust
[17,18,59] (free speech vs regulation in Figure 5). Furthermore,
aligning policies and communications with the existing evidence
is essential, as is building trust in research and fostering
collaboration between researchers and public institutions
[57,93,103] (translation of evidence into communication and
public health practice and cooperation between institutions in
Figure 5). It is vital to clarify that communication and policies
are designed to inform rather than manipulate, emphasizing the
ethical intent behind these practices [90,104] (informing vs
manipulating behavior in Figure 5). Finally, honesty and the
disclosure of any conflicts of interest at every step of infodemic
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management help guarantee transparency and ensure that the
decision-making process remains free from bias or manipulation,
enhancing trust and overall effectiveness [38,93,105] (honesty
and conflicts of interest in Figure 5).

Vulnerability, Equity, and Inclusivity
The first thematic aspect emphasizes the need to strengthen
vulnerable media information ecosystems. To do so, the body
of literature suggests that it is crucial to empower individual
members of the public and communities to be autonomous and
resilient against manipulation tactics [16,122]. This entails
strategies to enhance critical thinking; media literacy; and the
ability to discern reliable sources, especially among those who
are most susceptible to manipulation [17,88,103].

The second thematic aspect underscores the importance of
combating polarization within the information ecosystem. The
detrimental effects of epistemic echo chambers and bubbles
must be mitigated to ensure that all individuals, regardless of
their background or beliefs, have access to a balanced and
diverse information landscape [16]. Beyond information, the
literature advocates for holistic improvements in socioeconomic,
cultural, environmental, and “infospherical” conditions [39].
This includes addressing disparities in living and working
conditions, access to water and sanitation, housing, education,
health care services, and food production. It extends to fostering
inclusive social, community, and web-based networks,
considering individual lifestyle factors, age, sex, and genetics
[17,39]. Equity in these areas is essential to reduce
vulnerabilities and is a primary goal of infodemic management.
Similarly, infodemic management efforts should focus on
improving access to information. Ensuring an equal distribution

of such resources among all segments of the population,
regardless of socioeconomic status, is paramount in promoting
equity and reducing vulnerabilities [53,55,60,151].

The third aspect highlights the monitoring of ethnically targeted
disinformation and misinformation that exploits the fears of
vulnerable groups, including older adults, leading to mental
health burdens [36,59]. Accurate and inclusive social listening
designs, alongside proactive measures, are needed to prevent
and counteract such disinformation, protecting the most
vulnerable groups. Similarly, the literature highlights the
importance of preventing information-related discrimination
based on ethnicity, religion, or political beliefs. Equitable access
to information must be safeguarded for all without
discrimination.

The fourth and final thematic aspect that we identified
underscores the fundamental right to receive accurate health
information. Equitable access to accurate health information is
essential for everyone, regardless of their background or
circumstances. This requires the establishment of adequate and
fair communication channels that cater to different segments of
the public, with special attention to minority and vulnerable
groups. These channels should ensure that information is
accessible and comprehensible [36,38,86,87,89].

On the basis of the recommendations and insights from the
reviewed literature, we have formulated a set of ethical
procedural principles applied to infodemic management; these
principles are instrumental in upholding the highest ethical
standards during infodemic management actions, as represented
in Figure 6.

Figure 6. Procedural principles to ensure inclusivity and equity and address vulnerability. The x-axis illustrates the frequency of specific ethical issues
discussed in the literature. The y-axis measures the frequency of ethical aims in infodemic management, which is also based on the number of papers
discussing them in the analyzed literature. The size of the bubbles represents the sum of the x and y values and serves as a graphical representation of
the overall relevance of the ethical aspect or principle under consideration.

The principles of inclusivity and equity are interwoven with
various procedural principles that help ensure their application.
A holistic approach to inclusivity and equity is pivotal. Inclusive
communication and outreach strategies must ensure that all
voices, with particular emphasis on vulnerable groups, are not
only heard but also actively integrated into the decision-making

process. Inclusive social listening design is paramount [16,44]
(surveillance and social listening in Figure 6), demanding that
the concerns and perspectives of vulnerable populations be
central to the process. Community engagement becomes an
important bridge, actively incorporating diverse voices in social
listening design, decision-making, and communication efforts.
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Equally important is the drive to reduce vulnerabilities through
education and literacy, especially among the marginalized
groups [17,88,103]. The battle against misinformation and
disinformation targeting vulnerable groups within polarized
information ecosystems thus becomes an ethical imperative. In
this context, autonomy should be granted, empowering
individuals to protect themselves from the dangers of
disinformation. Furthermore, addressing stigma is critical,
ensuring that no one is excluded from social listening initiatives.
In this context, solidarity serves as the moral backbone,
affirming that all individuals are equally valued [16].
Importantly, adapting to various cultural perspectives is
important; that is, infodemic management actions need to be
tailored to different cultural perspectives, recognizing that
infodemic management is not a one-size-fits-all practice [60].
Finally, data and representation inclusiveness guarantees that
the concerns of vulnerable groups are acknowledged and
responded to, fostering equity and inclusivity [17]. This entails
ensuring that insights from infodemic management reports
incorporate the concerns of vulnerable groups and propose
tailored solutions.

Principles in Cluster 2
In this cluster, we identified and discussed the most represented
substantive principles in cluster 1 (Figure 2B) in the analyzed
body of literature, discussed the solutions proposed by the
literature to implement and follow them in infodemic
management practices, and defined procedural principles that
help to ensure that such substantive principles are integrated
into infodemic management practices. In Multimedia Appendix
1, we delve into the detailed analysis of principles highlighted
in cluster 2 (Figure 2B). These ethical principles are community
engagement, empowerment through education, transparency,
free speech versus regulation, informing versus manipulating
behavior, honesty and conflicts of interest, and good governance.

Discussion

The Implications of the Findings
The review has illuminated various crucial ethical considerations
that can be instrumental in enhancing the effectiveness of
infodemic management. The literature surveyed predominantly
emanates from the backdrop of the COVID-19 pandemic. This
temporal context is both a strength and a weakness: on the
positive side, it signifies a wealth of learnings from a recent
global crisis that has driven substantial advances in infodemic
management strategies; however, it implies that the ethical
readiness for infodemics lacked a solid foundation in evidence.
Scientific support for ethics within infodemic management was
not yet accessible based on the lessons learned before the
COVID-19 pandemic and existing literature. It is promising to
see a few studies extending their gaze beyond acute health
events to investigate chronic health issues. Still, the field must
continuously adapt and evolve as new challenges emerge. In
general, the literature on infodemic management still lacks a
robust foundation in ethics and ethical considerations. This
observation highlights the importance of advocating for
expanded research efforts in this domain.

The literature indicates a limited number of experimental
empirical approaches within ethics in infodemic management.
Only a few studies have taken this approach [51,58,87,91,97],
underlining the need for more work of this kind. This limitation
is particularly concerning, as empirical research is vital for the
improvement of infodemic management strategies, serving as
the foundation for prevention and preparedness in the face of
future infodemics [152]. Another evident limitation of the
existing literature is the dominance of Western approaches to
ethics in infodemic management. To ensure a comprehensive
understanding and inclusivity in ethical considerations, this
Western-centric bias should be addressed by incorporating
diverse global ethical perspectives [16].

As highlighted by the literature reviewed in this study, it is
paramount to emphasize that ethics is not a hindrance but a tool
for enhancing the effectiveness of infodemic management and
social listening. The review underscored that ethical
considerations are instrumental for achieving medium- and
long-term effectiveness in these practices.

A few key ethical aspects have emerged as fundamental for
different practices linked to infodemic management and social
listening. The first is community engagement, which emerged
as a central procedural principle, enhancing the quality and
effectiveness of communication, surveillance, and social
listening efforts. It not only fosters trust in the institutions
carrying out these activities but also contributes to improving
the strategies themselves through feedback mechanisms [17].

Second, empowering individuals through educational approaches
was identified as a fundamental procedural principle. Education,
that is, information and media literacy, equips them with the
ability to discern between accurate and inaccurate information
[18,88,127]. When facing educated and literate publics,
institutions that conduct infodemic management activities need
to rely less on censorship or manipulative communication
strategies, which are detrimental in the medium and long run
[110]. Ethical strategies involving empowerment through
education, resilience building, and autonomy are thus vital for
the efficacy of infodemic management at all stages [62,110].

Third, the importance of inclusivity and equity extends beyond
beneficence; it is integral to effectiveness. This is directly
connected to community engagement, ensuring that vulnerable
individuals and communities have a voice in the design of
infodemic management and social listening strategies improves
their effectiveness and helps prevent the formation of pockets
of polarized resistance to public health communication
[17,45,46]. This inclusivity also applies to minority groups
holding opinions that do not reflect science-based evidence,
such as antivaxxers; engaging with these groups and listening
to their concerns are essential for ethical and effective infodemic
management and social listening strategies [48]. Of note,
engaging and listening to the concerns of these groups does not
imply embracing, endorsing, or justifying their opinions
[17,43,44,51,57].

Finally, central to all the principles discussed above is trust.
Trust is fundamental in ensuring the publics’ receptivity to
public health communication and the willingness to share data
for social listening purposes. The literature emphasizes that
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trust plays a crucial role in minimizing the negative effects of
information received by the public when such information,
albeit being accurate and designed to promote individual and
public health, is regarded as manipulative, conspiratorial, and
biased toward the interest of the institution that is performing
infodemic management activities [90,104,110]. Trustworthy
institutions disseminating public health messages encounter
less resistance and can leverage the publics’ sense of
responsibility [18,62,105]. This concept has implications that
could extend beyond infodemic management and social
listening, possibly impacting democracy and peace, since
trustworthy institutions are thriving in nonpolarized information
ecosystems [9]. While these aspects are currently underexplored
in the literature, we advocate for further exploration of the
potential far-reaching effects of maintaining a healthy
information ecosystem with trusted actors and educated,
autonomous publics.

Some themes and ethical principles remain underrepresented
in the literature included in this review. These aspects should
not be necessarily considered as less relevant per se in the
context of infodemic management since the literature included
in this study only represents the views of the research
community limited to the period and data taken into
consideration by this systematic scoping review; this
underrepresentation should rather highlight opportunities for
further research and reflection in the field. For example,
independent oversight of ethical infodemic management and
social listening practices ensures that none of these practices
are conducted in unnecessary situations, without considerations
about their proportionality [112], valuing transparency and
preventing conflicts of interest [36,38]; all these aspects ensure
the maintenance or enhancement of institutional trust. A second
example is the integration of different cultural perspectives in
infodemic management, circling back to the importance of
inclusivity and equity since some of the highlighted procedural
principles that enhance the effectiveness of infodemic
management may not hold the same value and importance in
different cultural contexts [46,51]. These underexplored areas
should not be underestimated in terms of their ethical
significance and potential impact on infodemic management
and social listening effectiveness.

In sum, this systematic scoping review provides a
comprehensive understanding of the ethical dimensions of
infodemic management. It highlights the critical role of ethics
in enhancing the effectiveness of these practices and underscores
the need for an ethically and empirically informed approach to
infodemics. The findings and principles identified in this review
are integral to the continuous improvement and adaptation of
strategies for tackling infodemics and safeguarding public
health. These findings serve as a foundational element for
structuring a WHO ethics guidance and a practical
implementation framework on the ethics of infodemic
management and social listening, which aims to combine learned
lessons from the literature and know-how and expert opinions
from a WHO EG on ethical considerations in infodemic
management and social listening [29].

Limitations
While our systematic scoping review offers valuable insights
into the ethical dimensions of infodemic management, it is
essential to acknowledge certain limitations that shape the scope
and generalizability of our findings. First, our review is based
on the literature published between 2002 and 2022 (although it
includes a few papers and documents contributed by the WHO
EG on infodemic management and social listening published
after 2022), thereby excluding potentially relevant studies
published before or after our cutoff date. Of note, since the
cutoff of our inclusion criteria was at the end of 2022, we
initially made reference to the Open Science Framework
repository of 1 paper [82]; however, during review in 2023, this
paper was published and we decided to link to the published
version instead. Furthermore, our research is constrained to the
literature published in English. Second, while our search strategy
encompassed prominent databases such as PubMed, Scopus,
and Web of Science and included additional material with a
focus on policy documents, there may be relevant literature not
included in our search, including gray literature, news articles,
and blog posts. It must also be recognized that the assessment
and categorization of papers, as well as the identification of
core thematic areas, involve an element of subjectivity. Despite
rigorous methodology and intersubjective blinded coding,
interpretational variations may exist. Moreover, it is worth
noting that the review offers interpretations and
recommendations for considering and applying ethics within
the field of infodemic management solely based on the ethical
considerations and approaches identified within the analyzed
body of literature. Given the rapid evolution of this field, it is
essential to acknowledge that many pertinent aspects related to
the ethics of infodemic management have not yet been
thoroughly discussed. Therefore, we strongly encourage the
research community, as well as infodemic managers and policy
makers, to deepen our understanding of ethics within the context
of infodemic management. This commitment to knowledge
enhancement is essential for maintaining ethical standards and
promoting responsible practices in an ever-changing information
landscape. Furthermore, as previously discussed, most studies
in our corpus originate from Western contexts, potentially
limiting the generalizability of our findings to diverse global
settings with distinct cultural and societal norms. Finally,
published studies may not fully represent the spectrum of
research or of the practice conducted in the field of infodemic
management.

Conclusions
Infodemic management presents relevant ethical challenges.
The insights derived from our systematic scoping review
highlight that ethical approaches in infodemic management and
social listening are necessary for the medium- and long-term
effectiveness of infodemic management practices. In this review,
several fundamental and procedural ethical principles have been
identified, including community engagement, education,
inclusivity, equity, and trust, among others, all of which enhance
the quality and efficacy of these crucial public health activities.
Our review provides a foundational understanding of the ethical
issues arising in infodemic management. It will hopefully
contribute to improving ethical guidance in this field and help
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to adequately address these issues in future infodemic
management programs. To fully realize the potential of ethical
infodemic management, future research should strive for

empirical studies and incorporate diverse global perspectives
to further advance the field and protect public health during
acute or chronic health events.
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Abstract

Background: The growing availability of big data spontaneously generated by social media platforms allows us to leverage
natural language processing (NLP) methods as valuable tools to understand the opioid crisis.

Objective: We aimed to understand how NLP has been applied to Reddit (Reddit Inc) data to study opioid use.

Methods: We systematically searched for peer-reviewed studies and conference abstracts in PubMed, Scopus, PsycINFO, ACL
Anthology, IEEE Xplore, and Association for Computing Machinery data repositories up to July 19, 2022. Inclusion criteria were
studies investigating opioid use, using NLP techniques to analyze the textual corpora, and using Reddit as the social media data
source. We were specifically interested in mapping studies’ overarching goals and findings, methodologies and software used,
and main limitations.

Results: In total, 30 studies were included, which were classified into 4 nonmutually exclusive overarching goal categories:
methodological (n=6, 20% studies), infodemiology (n=22, 73% studies), infoveillance (n=7, 23% studies), and pharmacovigilance
(n=3, 10% studies). NLP methods were used to identify content relevant to opioid use among vast quantities of textual data, to
establish potential relationships between opioid use patterns or profiles and contextual factors or comorbidities, and to anticipate
individuals’ transitions between different opioid-related subreddits, likely revealing progression through opioid use stages. Most
studies used an embedding technique (12/30, 40%), prediction or classification approach (12/30, 40%), topic modeling (9/30,
30%), and sentiment analysis (6/30, 20%). The most frequently used programming languages were Python (20/30, 67%) and R
(2/30, 7%). Among the studies that reported limitations (20/30, 67%), the most cited was the uncertainty regarding whether
redditors participating in these forums were representative of people who use opioids (8/20, 40%). The papers were very recent
(28/30, 93%), from 2019 to 2022, with authors from a range of disciplines.

Conclusions: This scoping review identified a wide variety of NLP techniques and applications used to support surveillance
and social media interventions addressing the opioid crisis. Despite the clear potential of these methods to enable the identification
of opioid-relevant content in Reddit and its analysis, there are limits to the degree of interpretive meaning that they can provide.
Moreover, we identified the need for standardized ethical guidelines to govern the use of Reddit data to safeguard the anonymity
and privacy of people using these forums.

(JMIR Infodemiology 2024;4:e51156)   doi:10.2196/51156
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Introduction

Background
Opioid use disorder (OUD) is a chronic condition that affects
more than 40 million people worldwide [1]. In 2019, the Global
Burden of Disease study estimated that 128,000 deaths were
attributed to drug use disorders [2], and the United States
accounted for a large proportion of these deaths, with >70,000
deaths directly attributable to overdose [3]. US overdose deaths
reached a record high in 2021, with 107,000 deaths, of which
75% were opioid related [4]. The magnitude of these numbers
highlights the need for a strong surveillance infrastructure,
including systems that support tracking trends in drug use and
emerging patterns in the drug supply chain, as well as a good
understanding of the experiences of, challenges of, and sources
of support for people who use opioids, to inform a timely and
effective response to this ongoing epidemic.

Social media platforms represent an important and accessible
source of community support for people who use opioids, given
they facilitate getting technical know-how and peer support.
Nonetheless, analyzing such large textual data sets is
challenging. Beyond the traditional qualitative approach to
analyzing textual data, natural language processing (NLP) allows
the analysis of textual data using computational methods and
artificial intelligence. NLP lexicon-based methods and both
supervised and unsupervised machine learning tools have been
used to explore substance-related research questions on
platforms such as Twitter (subsequently rebranded X; X Corp)
[5-10], Reddit (Reddit Inc) [11-13], and web-based health
communities [11,13].

In contrast with Reddit, which allows for long-form narratives,
Twitter provides very condensed information for each data point
since, historically, posts have been limited to 280 characters.
An additional characteristic of tweets as a data type is that (at
least in some cases) tweets contain metadata geolocational
information, allowing for the ecological study of associations
between the volume of mentions of a particular topic and a
health outcome of interest in a given setting [14,15]. Facebook
(Meta Platforms Inc) offers the advantage of providing
information on social networks and the dissemination of
information within these networks [16]. However, Facebook
data are not necessarily public in the same way that Twitter and
Reddit data are public (ie, on the open web). Facebook users
typically form closed and semiprivate communities in which
there is an expectation of data privacy, rendering the data
unsuitable (both practically and ethically) for research purposes,
as a specific consent model and process is absent. Reddit is a
publicly accessible social media platform, with forums created
and moderated to discuss specific themes. Participants (ie,
redditors) use the platform anonymity and “throwaway” user
accounts to share news, content, and thoughts through posting.
Redditors’ anonymity is key to authentic accounts of both
positive and negative experiences with drugs (including in the
context of treatment) and daily life situations that may impact

the physical and mental health of people who use opioids,
without fearing stigmatization. This platform is one of the most
popular web-based social media platforms and has provided a
space for exchange and discussion since 2005. It is mainly used
by English speakers [17].

Despite Twitter being the platform of choice for most studies
[18], Reddit thematic forums have shown to be an advantage
for research on substance use, skipping the filtering stage of
posts related to the research topic. NLP techniques enable the
use of massive text corpora and the exploration of a multitude
of research questions related to opioid use based on the
perspectives of people sharing their experiences on social media
platforms, such as Reddit.

Reddit ranked as the third most visited website in the United
States [19], and in October 2020, it achieved >52 million daily
active users [20]. Reddit has been used as a source of
information to understand drug-related epidemics mainly due
to the lower risk of social desirability bias, the real-time aspect
of the data, and lower noise due to its thematic forums structure
[21-23]. Given that the majority of its users are from the United
States (47.82%), United Kingdom (7.6%), Canada (7.45%), and
Australia (3.89%) and that these countries are all undergoing
severe opioid-related epidemics, Reddit represents a valuable
source of data to better understand the daily experiences of
people who use opioids in these settings [24].

Objective
This scoping review aimed to understand how Reddit data have
been leveraged to study the opioid epidemic using NLP to
provide an overview of how these novel data sources and tools
can serve the field of substance use research. More specifically,
we were interested in mapping the studies’ (1) overarching goals
and findings, (2) methodologies and software used, and (3) main
limitations. In addition, to help future research in this area to
deal with abbreviations, slang, and common misspellings, we
systematically collected the papers’ list of synonyms and built
a comprehensive synset with semantically equivalent terms
within the opioid use field. This list could help the broader
research community to rigorously investigate opioid use in
Reddit using text processing algorithms.

Methods

Overview
This scoping review followed the Joanna Briggs Institute (JBI)
methodology for scoping reviews based on the studies by Arksey
and O’Malley [25] and Levac et al [26]. We used the JBI
population (or participants)/concept/context framework to guide
our research questions and ultimately inform our search strategy
to understand how NLP methods have been applied to Reddit
data to inform research on opioid use. Our study protocol was
registered on the Open Science Framework [27] on June 29,
2022. Multimedia Appendix 1 details the JBI population (or
participants)/concept/context framework rationale behind each
research question of this scoping review.
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Search Strategy
As the research topic encompasses studies targeting opioid use,
we selected the following search engines: (1) PubMed to cover
the biomedical literature; (2) Scopus to cover life, social,
physical, and health sciences; (3) PsycINFO to cover the
psychology field; and (4) ACL Anthology to cover NLP and
computational linguistics. As the research team was aware of
recent studies using NLP in the substance use field led mainly
by authors from the engineering field, we also included IEEE
Xplore and Association for Computing Machinery as data
repositories for conference abstracts.

Our search was built based on team members’ expertise in the
topic and aimed to identify studies jointly covering three
essential aspects: (1) opioid use, as the subject under analysis;
(2) NLP techniques, as the methods used to analyze the textual
corpora; and (3) Reddit, as the data source used in the study’s
analyses. The terms used to capture opioid-related studies were
based on standard terms describing opioids, including “heroin”
and “fentanyl” as well as the National Institute on Drug Abuse’s
list of most commonly prescribed opioids [28] and medications
for OUD (MOUD) [29]. To ensure our search would only select
studies that used a quantitative methodology to analyze the
textual data (ie, NLP), we leveraged the “artificial intelligence”
methods included in the Medical Subject Headings vocabulary
thesaurus [30], which we supplemented with members’expertise
in the topic to broaden our scope. As many essential papers in
this field do not state “Reddit” as the social media environment
under analysis in the abstract, and many search engines only
consider the abstract (and not the full paper), we included the
broad term “social media” in the search. Multimedia Appendix
2 details the search strategy, presenting the Medical Subject
Headings hierarchy and the final search query used to obtain
relevant studies.

We included papers that appeared in the search until July 19,
2022, with no cutoff for earlier studies. We selected original
research papers published in English that stated that they
collected textual data on opioid use from Reddit forums (even
if other social media were also used) and specified they used
NLP techniques to analyze these data.

Our focus was on studies that applied quantitative techniques
to textual data. NLP can use a variety of different methods,
including rule-based methods (eg, linguistic rules, deployment
of lexicons, and development of bespoke regular expressions)
and machine learning–based methods (eg, supervised
classification and sequence labeling–based methods and
unsupervised methods). Therefore, studies that used manual
annotation were only included if they also applied quantitative
methods to analyze the textual data.

Two researchers screened papers considering the title and
abstract. If opioid use was not stated but the authors investigated
substance use (eg, “...we evaluated attitudes of people who use
substances...”), we included the papers for the second round of
screening. If the methodology indicated any attempt to use NLP
in any step of the study or if the authors were not specific about
using only qualitative techniques (eg, “...we manually classified
a set of posts...”), we included the paper. Finally, if the paper
did not mention Reddit but was not specific about using another

social media platform, we included it (eg, papers saying “...we
evaluated Twitter data...” were excluded, whereas papers stating
“...we used social media discussions to understand...” were
included). The full-text review excluded the following: (1)
review papers (to avoid double-counting); (2) papers solely
using qualitative techniques or approaching substance use in
general without any particular (or stratified) analysis for
opioid-related information; and (3) papers not using Reddit as
the data source. AA and TP independently screened for the title,
abstract, and full paper. In both stages, when AA and TP
diverged in their opinions about the papers’ eligibility, AB (a
third reviewer blinded to their classification) decided on
eligibility as a tiebreaker. Each reviewer was responsible for
the data extraction of critical outcomes of interest.

Data Extraction
We systematically extracted the following information: study’s
year of publication; first author’s country of affiliation; authors’
areas of expertise; social media platforms investigated (in
addition to Reddit); subreddit investigated; period under
analysis; types of posts analyzed; number of posts analyzed;
number of Reddit users represented; whether the analysis was
limited to opioids and whether it distinguished between different
types of opioids to infer the scope of the population investigated;
whether the study attempted to have a geographic focus; whether
the study described their semantic analysis to identify
opioid-related terms and whether they provided a synset; study’s
overarching goal, objectives, main findings, limitations, NLP
methods and software used; and ethical approval information.

We followed the PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses Extension for Scoping
Reviews) [31] guidelines to ensure methodological quality and
clarity of the findings. The detailed PRISMA-ScR checklist
describing the 20 essential and 2 optional reporting items is
presented in Multimedia Appendix 3.

Semantic Analysis and “Opioid Synset” Development
To help further studies more efficiently address opioid-related
research questions using social media data, we identified the
different strategies used to carry out semantic analyses of
opioid-related content, compiled their lists of opioid-related
terms (produced either by automatic variant generator tools or
by word embedding) or similar words, and curated their content,
creating a refined version where the terms are aggregated by
abbreviation, misspelling, variants and their misspellings, brand
names and their misspellings, slang, analogues, and mixed
substances.

Results

Selection of Sources of Evidence
The literature search returned 233 papers, of which 64 (27.4%)
were duplicates, 128 (54.9%) were considered ineligible and
were thus removed after the title and abstract screening, and 11
(4.7%) were similarly removed after the full-text screening,
resulting in a final list of 30 papers. Figure 1 displays the search
process, following PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines [32]. A
table with a summary of all study findings is provided in
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Multimedia Appendix 4. Graphs illustrate the main results to give an overview of the literature studied.

Figure 1. Diagram of the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)–oriented review process. ACM: Association
for Computing Machinery; NLP: natural language processing. Note: Under “Studies included in Review,” some of the papers were available on more
than one database.

Studies’ Characteristics
As detailed in Table 1, the number of studies applying NLP
methods to data from Reddit forums to study opioid use has
increased over time. Over half of the studies (19/30, 64%) were
published in peer-reviewed journals, over a third (10/30, 33%)
were published in conference proceedings, and 1 (3%) was
published as a chapter in a book. Most studies (28/30, 93%)
were disseminated in platforms with subject areas in computer

science and health. Half of the studies (16/30, 53%) were
exclusively concerned with opioids and OUD, while the
remaining studies (14/30, 47%) were broader in scope (eg,
substance use). However, content relating to other substances
was sometimes referenced in the studies focused on opioids.
For instance, the study by Preiss et al [33] identified a broader
range of substances used for self-medication among people
experiencing opioid withdrawal symptoms.

JMIR Infodemiology 2024 | vol. 4 | e51156 | p.32https://infodemiology.jmir.org/2024/1/e51156
(page number not for citation purposes)

Almeida et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Summary of characteristics of studies using natural language processing methods to investigate opioid use (N=30).

Studies, n (%)Study characteristics

Year of publication

1 (3)2017

1 (3)2018

5 (17)2019

6 (20)2020

5 (17)2021

12 (40)2022

Dissemination platform

19 (64)Peer-reviewed journal

10 (33)Conference proceedings

1 (3)Book chapter

Subject area of the dissemination platform

10 (33)Computer science

8 (27)Health and medicine

10 (33)Both computer science and health and medicine

2 (7)Other

Range of substances considered

16 (53)Limited to opioids

11 (37)Distinction between different opioid types

Software used for analysisa

6 (20)Not reported

20 (66)Python

11 (37)The Python Reddit API Wrapper

4 (13)Gensim

3 (10)spaCy

2 (7)Linguistic Inquiry and Word Count

2 (7)R

1 (3)IBM Watson Natural Language Understanding

Reported sources of research fundingb

8 (27)Financial support not reported

7 (23)National Science Foundation

5 (17)National Institute on Drug Abuse

4 (13)Other (eg, institute-specific funding)

4 (13)Other institutes within the National Institutes of Health

3 (10)Centers for Disease Control and Prevention

2 (7)No funding associated with the study

1 (3)Natural Sciences and Engineering Research Council of Canada Discovery
Grant

aSome studies used multiple software packages.
bSome studies had multiple research grants.

Over a third (11/30, 37%) of the reviewed studies explicitly
referred to specific opioid types in the research methodology.

The content under analysis varied as some studies focused on
specific elements of posts, such as the title, the first submission,
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or the comments, with most of the papers that explained the
unit of analysis using a combination of the first submission and
comments (Multimedia Appendix 4). Python was the most
common programming language used to analyze posting content,
although alternative analysis methods and languages were also
reported, including R, IBM Watson’s Natural Language
Understanding application, and Linguistic Inquiry and Word
Count software.

In total, 8 (N=30, 27%) studies did not report any sources of
funding and another 2 (7%) studies reported that there was no
funding associated with the research. Among the remaining
studies, the most common source of funding was the National
Science Foundation (7/30, 23% of studies) followed by the

National Institute on Drug Abuse (5/30, 17% of studies).
Furthermore, 5 sponsored grants were found to have supported
multiple studies in the review. Table 2 describes the authors
from studies identified in the review, almost all (99/104, 95%)
of whom were based in North America. The most common field
of education among the authors, based on their terminal degree,
was computer science (43/104, 41%). The studies analyzed
more than 20 subreddits, most of which covered specific drugs
and treatments, such as r/methadone and r/suboxone. However,
the rooms with a broader scope and higher number of redditors,
such as r/opiates and r/opiatesrecovery, were more frequently
used as data sources, in 19 (63%) and 18 (60%) studies,
respectively (Multimedia Appendix 4).

Table 2. Summary of researcher characteristics authoring studies using natural language processing methods to investigate opioid use (N=104).

Researchers, n (%)Researcher characteristics

Number of studies per researcher

90 (86.5)1

9 (8.7)2

5 (4.8)4

Location

92 (88.5)United States

7 (6.7)Canada

4 (3.8)Italy

1 (0.9)Multiple locations (Australia and the United States)

Area of expertise (based on terminal degree)

43 (41.3)Computer science

12 (11.5)Medicine

11 (10.6)Health-related (eg, public health)

8 (7.7)Unclear

5 (4.8)Data science or analytics or machine learning

5 (4.8)Multidisciplinary

5 (4.8)Psychology

5 (4.8)Engineering

3 (2.9)Mathematics and statistics

2 (1.9)Physics

1 (0.9)Biology

1 (0.9)Chemistry

1 (0.9)Linguistics

1 (0.9)Sociology

1 (0.9)Social work

Overarching Goal, Methods Used, and Main Findings
To broadly characterize opioid-related research using Reddit
data, we classified the studies according to their overarching
goal. We divided them into four groups based on their
contribution to the field: (1) methodological, (2) infodemiology,
(3) infoveillance, and (4) pharmacovigilance. Methodological
papers proposed novel NLP methods to analyze Reddit data or

provide scientific tools. They apply these methods or tools to
opioid use as an illustrative example but are not focused on this
public health problem. Infodemiology, as defined by Eysenbach
[34], is a science analogous to traditional epidemiology but with
information coming from electronic media and with the ultimate
goal of informing public health actions. Infoveillance papers
contemplate the “longitudinal tracking of infodemiology metrics
for surveillance and trend analysis” [35]. Pharmacovigilance
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covers the detection of new drugs and the surveillance of drugs
and their adverse effects [36]. The papers’ classification
followed the procedures adopted in the study’s screening
process: AA and TP independently classified the papers
according to their overarching goal, and any divergence was
discussed and resolved by AB as a tiebreaker.

The number of studies published each year by overarching goals
is presented in Figure 2, where we can see the increased volume
and diversity of overarching goals over time. Studies could
address more than one overarching goal; therefore, the
cumulative number of studies represented is higher than the
total number of studies included in the review.

Figure 2. Number of studies investigating opioid use per year using Reddit data and studies’ overarching goals (each study could address more than
1 overarching goal).

Methodological Studies
In total, 6 (20%) studies were classified as methodological
studies. Adams et al [37] compared Reddit and Twitter as
sources of social media information relevant to opioid use and
to improve keyword synonym lists for drug-term exploration
using embedding techniques. They found that Reddit is better
than Twitter as a source for discovering synonyms to be included
in a keyword filter list for opioids. Akioyamen et al [38]
provided ways for users to navigate Reddit posts to find the
content of their interest using topic modeling and showed that
text mining could play a fundamental role in supporting the
identification of similar documents. Davis et al [39] proposed
an archetype-based modeling and search method to identify
messages from people who use opioids through learning from
their usual vocabulary, which solicits documents from a user
and finds similar documents posted by new authors based on
the vocabulary. Jha and Singh [40] used a set of NLP techniques,
including topic modeling, sentiment analysis, and propensity
score matching to extract, treat, and analyze social media textual
data on legal and illegal drugs to make it available to the
academic community through a web application called
SMARTS. Wright et al [19] developed new measures to detect
changes in words’ meaning and their association with overdose
by applying word embedding and neural network techniques
and found that the semantic proximity of fentanyl moved more
closely to overdose and overdose-related terms over time. Zhu
and Bhat [41] proposed a novel method to identify euphemisms
or nicknames for drugs using single and multiwords embedding
techniques. The new approach, known as euphemistic phrase
detection, was reported to have higher detection accuracies
compared to alternative methods.

Infodemiology Studies
Of the 22 studies classified as infodemiology, 7 (31%) explored
associations: Andy [42] investigated correlations between

different types of self-disclosures (positive and negative) and
social support seeking (emotional and informational). The results
showed that correlations between positive self-disclosure and
emotional support seeking were moderate to strong, while those
between negative self-disclosure and informational support
seeking were low to moderate. Balsamo et al [43] estimated the
odds ratio between opioid use and (1) routes of administration
and (2) drug-tampering methods and routes of administration
and drug-tampering procedures. Their findings suggest that
substances were consumed in multiple, nonexclusive ways. Jha
and Singh [44] explored associations between various latent
constructs, addiction recovery, and relapse (defined as posted
by users in drug addiction recovery [DAR] forums). Latent
constructs capturing emotional distress, physical pain,
self-development activities, and social relationships were all
significantly associated with addiction recovery (ie, if a user
posted in a DAR subreddit). Latent constructs capturing social
activities and physical exercise were significantly associated
with addiction relapse (ie, if a user posted in a recreational drug
use subreddit after posting in a DAR subreddit).

Spadaro et al [45] explored associations between buprenorphine
induction, fentanyl use, and precipitated opioid withdrawal. The
paper found a relationship between increased mentions of
fentanyl and its analogues with (1) increased mentions of
precipitated opioid withdrawal and (2) increased mentions of
the Bernese method (a microdosing strategy for buprenorphine
induction). Pandrekar et al [46] evaluated the association
between posts of social support (measured by the number of
comments and the difference between upvotes and downvotes
received) and the attributes of those posts, including the use of
specific terms, the semantic categories observed, and posts’
length. These analyses suggested that posts on personal issues
like family, death, and home are positively associated with
increased social support. Pandrekar et al [46] also explored the
differences between posts from anonymous and nonanonymous
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users, with the former being more likely to discuss negative
emotions like anxiety and sadness and containing words related
to health and risk. Andy and Guntuku [47] explored the
relationship between social support and the number of comments
received using a mix of topic modeling and sentiment and
correlation analysis. Their results showed that the average
number of comments received was (1) positively associated
with emotional support seeking and (2) negatively associated
with information support seeking. Finally, Alambo et al [48]
explored topical correlations between postings on substance
use disorders and COVID-19 between May 2020 and Sep 2020.
The results showed that these correlations fluctuated over time.

In total, 4 (18%) studies used discovery techniques to unveil
patterns in the data. Ramachandran et al [49] used sentiment
analysis and ANOVA to explore the public perceptions of the
opioid epidemic. The results showed an overall negative
sentiment with slight variation in emotional tones across
different subreddits. Gauthier et al [50] tried to understand how
Reddit communities support recovery using a topic-guided
thematic analysis. The findings showed that community
members often raised concerns about sensitive issues, such as
withdrawal symptoms, body weight, legal troubles, and personal
finances, and they encouraged others to seek help and navigate
12-step programs. Chen et al [51] used topic modeling to explore
stigma-related experiences associated with substance use. This
study found topics related to negative feelings, the challenges
of coping with withdrawal symptoms, dealing with others during
the recovery process, and dealing with chronic pain. Graves et
al [52] used manual annotation and lexical similarity filter to
yield information about firsthand experiences with
buprenorphine-naloxone. They showed that the most frequently
discussed topics included advice on the use of
buprenorphine-naloxone as pharmacological treatment for OUD,
information and guidance on dosage, information about tapering
of dosage, its side effects and withdrawal information, and
specific questions about use.

In total, 11 (50%) infodemiology studies targeted the prediction
or classification of people along the OUD continuum. A
common theme in these studies was the prediction of redditors’
transitions between drug use, help seeking, and recovery stages.
Furthermore, 2 (18%) studies developed models to predict
whether redditors would post in a recovery subreddit based on
their nonrecovery subreddit activities [53,54]. Another 2 (18%)
studies developed models to predict relapse, albeit in different
ways. Jha et al [55] predicted the likelihood of changes in the
content of users’ posts indicative of relapse. Yang et al [56]
predicted substance use relapse in the following week using
manually labeled data to identify instances where redditors
self-reported experiencing a relapse. Relapse prediction was
based on emotions detected in redditors’ previous posting
activities.

Among the remaining prediction or classification studies, 4
(36%) assessed the predictive performance of classification
models for sorting Reddit content into groups. Davis et al [39]
compared various classification models to predict whether
redditors’ posts indicated opioid use and found that the linear
support vector machine model yielded the best performance.
Yao et al [57] developed 2 sets of classifiers aiming to extract

suicide risk posts from an opioid use context and extract opioid
addiction posts from a suicidal ideation context. The former
analysis yielded results showing (1) prediction accuracy and
optimal model specification of classifiers varying with the
percentage of suicide risk labels and (2) classifiers with better
accuracy compared to those extracting opioid addiction posts
from a suicidal ideation context. Chancellor et al [58] developed
a classification model to determine whether a post was about
OUD recovery. Another study [59] presented two classifiers
that (1) sorted redditors into OUD and non-OUD groups
according to their posting content and (2) determined whether
those in the OUD group exhibited evidence of being in a positive
recovery process. ElSherief et al [60] developed a classifier to
identify posts related to a common myth that using MOUD is
simply replacing one drug with another, which may discourage
people from seeking this evidence-based treatment.

A study by Andy [42] assessed the predictive performance of
models developed to measure the degree of positive and negative
self-disclosure of post titles. The model outputs were compared
to annotator ratings. Another study by Andy and Guntuku [47]
compared the predictive performance of random forest models
developed to measure the degree of social and informational
support seeking expressed in post titles. They showed that the
type of social support in post titles varies according to the
substance use recovery forum.

Infoveillance Studies
In total, 7 (23%) papers were classified as an infoveillance study.
Alambo et al [48] estimated the longitudinal topical correlation
between substance use or mental health and COVID-19–related
posts through the COVID-19 pandemic, finding that this
correlation peaked after August 2020. Balsamo et al [43] traced
the temporal evolution of posts from 2014 to 2018 relating to
nonmedical consumption patterns, administration routes, and
drug tampering. Their findings showed that mentions of heroin
and hydrocodone decreased over time, mentions of
buprenorphine and oxycodone remained relatively static, and
mentions of fentanyl and codeine increased. El-Bassel et al [22]
explored the COVID-19 period, from March to May 2020, and
revealed the topics discussed in opioid-related subreddits and
how they changed over time. There was a decrease in
conversation on the topic referred to as “supply shutdown,”
gradual reductions in discussions on MOUD experiences and
access issues, and increases in conversations on the negative
consequences of OUD. Sarker et al [61] used the lexical variant
generation model to examine stimulant co-mention trends among
people who use opioids and people using MOUD and found
that the number and proportion of redditors mentioning both
increased steadily over time.

Pandrekar et al [46] analyzed the main psychological categories
(ie, relativity, cognitive processes, social words, drives, affect
words, biological processes, percept, and informal speech) of
the posts from the r/opiates subreddit between 2014 and 2017
and showed that posts on personal issues tend to receive more
social support. Sarker et al [23] compared pre– and
post–COVID-19 monthly discussions on drug use, treatment
access, care, and withdrawal. The results showed an increase
in posts discussing withdrawal, treatment, and access to care
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from pre– to post–COVID-19 periods. Finally, a study by
Sumner et al [62] used a time series regression with the least
absolute shrinkage and selection operator approach to predict
opioid overdose deaths (from CDC WONDER), using Twitter
and Reddit post volume as predictor variables.

Pharmacovigilance Studies
In total, 3 (10%) studies were classified as a pharmacovigilance
study. Chancellor et al [58] identified alternative drugs for
treating OUD using word embeddings. The top 5 most
frequently observed potential treatments were kratom,
loperamide, Xanax, Valium, and Klonopin. Preiss et al [33]
aimed to find medications to cope with opioid withdrawal
symptoms based on observed correlations between text entities
identified within posts relating to withdrawal symptoms and
substances. Besides the ones already approved by the Food and
Drug Administration or commonly used to treat symptoms, they
found additional medicines considered potentially helpful (eg,

gabapentin for body aches) and natural or home remedies (eg,
ginger for nausea). Wright et al [19] evaluated the semantic
proximity of individual substances to “overdose” through the
years, with fentanyl being found to experience the most
significant changes as it moved more closely to overdose and
overdose-related terms.

Table 3 presents the selected studies, their overarching goal,
the research question they address, and the NLP methods used.
This can serve as a guide to help researchers studying substance
use in formulating research questions that could be answered
by applying NLP methods to Reddit data and to identify which
NLP methods (and miscellaneous methods) to use in each case.
To facilitate this process among researchers studying substance
use with no expertise in NLP methods, we provide a brief
description of these methods alongside examples of research
questions they can answer in Multimedia Appendix 5. Full
details on the data extracted for each study during the review
process are provided in Multimedia Appendix 4.
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Table 3. Overarching goals, research questions, and methods for studies applying natural language processing methods to Reddit data to investigate
opioid use.

MethodsResearch questionOverarching goalStudy

Word embeddingDrug term discoveryMethodologicalAdams et al [37]

Topic modeling (LDAa) and sentiment
analysis

Combine methods to allow users to actively
navigate through topics or posts of interest

MethodologicalAkioyamen et al [38]

Topic modeling (LDA), sentiment
analysis, and propensity score matching

Develop a tool to analyze data from Reddit and
Twitter and make it available to the academic
community for use

MethodologicalJha and Singh [40]

Phrase mining on a raw text corpusProduce a list of euphemistic phrase candidates
that are used as substitutes for target keywords
corresponding to drug names

MethodologicalZhu and Bhat [41]

Archetype-based modeling and searchPredict archetypesMethodological and infodemiol-
ogy—prediction or classification

Davis et al [39]

Diachronic word embeddingMeasure movements over time of the semantic
proximity of substance-related terms to “over-
dose”

Methodological and pharmacovig-
ilance

Wright et al [19]

Semantic-based analysis and structural
equation modeling

Identify and quantify the relationship between
emotional distress, physical pain, self-develop-
ment, relationships, and geographic disparities
versus drug addiction recovery and relapse

Infodemiology—associationsJha and Singh [44]

Annotation and term-frequency matrixStudy potential associations between fentanyl,
buprenorphine induction, and precipitated
opioid withdrawal

Infodemiology—associationsSpadaro et al [45]

Random forest and correlation analysisMeasure types of self-disclosures (ie, positive
and negative) and social supports sought (ie,
emotional and informational)

Infodemiology-associations and
infodemiology—prediction or
classification

Andy [42]

Topic modeling (LDA) and sentiment
analysis

Determine the relationship between the social
supports expressed in the titles of posts and the
number of comments they receive

Infodemiology-association and
infodemiology—prediction or
classification

Andy and Guntuku [47]

Word embedding, topic modeling
(LDA), and correlation analysis

Monitor trends of correlation between depres-
sion or substance use disorder and coronavirus
posts

Infodemiology—associations and
infoveillance

Alambo et al [48]

Word embedding and correlation anal-
ysis

Characterize patterns and estimate correlations
between routes of administration and drug
tampering

Infodemiology—associations and
infoveillance

Balsamo et al [43]

Topic modeling (LDA), semantic-based
analysis, negative binomial, and Mann-
Whitney U tests

Understand posts’ psychological categories
and examine the association between posts’
attributes and the social support received

Infodemiology—associations and
infoveillance

Pandrekar et al [46]

Sentiment analysis and ANOVAUnveil public opinion on the opioid epidemicInfodemiology—discoveryRamachandran et al [49]

Topic modeling (LDA) and thematic
analysis

Understand how web-based communities sup-
port recovery

Infodemiology—discoveryGauthier et al [50]

Manual annotation and topic modeling

(NMFb)

Examine the nature of stigma-related experi-
ence related to substance use and the salient
affective and temporal factors in the use of 3
substances (including opioids)

Infodemiology—discoveryChen et al [51]

Manual annotation and lexical similar-
ity filter

Identify topics discussing firsthand experiences
with buprenorphine-naloxone

Infodemiology—discoveryGraves et al [52]

Bidirectional long short-term memoryIdentify misinformation related to medications
for opioid use disorder

Infodemiology—prediction or
classification

ElSherief et al [60]

Word embedding and prediction or

classification: K-NNc, K-NN, random

Predict users’ propensity for seeking drug re-
covery interventions

Infodemiology—prediction or
classification

Eshleman et al [53]

forests, logistic regression, and naive
Bayes.
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MethodsResearch questionOverarching goalStudy

Word embedding and a combination
of bidirectional long short-term-memo-
ry networks and conditional random
fields

Characterize addiction stages of opioid use
from users’ social media posts

Infodemiology—prediction or
classification

Jha et al [55]

Word embedding, binary classifier, and
Cox regression

Predict users’ transitions from casual drug
discussion forums to drug recovery forums

Infodemiology—prediction or
classification

Lu et al [54]

Topic modeling (LDA), correlation
analysis, sentiment analysis, and sup-
port vector machine

Predict relapse among people who use opioidsInfodemiology—prediction or
classification

Yang et al [59]

Sentiment analysis, generative adversar-
ial networks, and correlation analysis

Predict opioid use disorder and recovery among
people who use opioids

Infodemiology—prediction or
classification

Yang et al [56]

Word embedding, convolutional neural
network (also tested logistic regression,
random forest, support vector ma-
chines, FastText, recurrent neural net-
work, and attention-based bidirectional
recurrent neural network)

Identify posts of suicidality among people who
use opioids

Infodemiology—prediction or
classification

Yao et al [57]

Binary transfer learning classifier and
word embeddings

Identify messages related to opioid use recov-
ery and alternative treatments

Infodemiology—prediction or
classification and pharmacovigi-
lance

Chancellor et al [58]

Word embedding and topic modeling
(LDA)

Identify challenges faced by people who use
opioids and how these change over time

InfoveillanceEl-Bassel et al [22]

Annotation and term-frequency matrixIdentify prescription or illegal opioid use, de-
scribe opioid treatment access and care, and
withdrawal

InfoveillanceSarker et al [23]

Generate lexical variants and negatives

(LexExpd and NegExe)

Examine stimulant comention trends among
people who use opioids or receive medications
for opioid use disorder.

InfoveillanceSarker et al [61]

Time-series analysis (LASSOf)Build a statistical model for estimating national
opioid overdose deaths using multiple predic-
tors, including data on the volume of Reddit
posts mentioning heroin and synthetic opioids.

InfoveillanceSumner et al [62]

Word embedding and named entity
recognition

Identify symptoms and remedies for opioid
withdrawal

PharmacovigilancePreiss et al [33]

aLDA: latent Dirichlet allocation.
bNMF: nonnegative matrix factorization.
cK-NN: K-nearest neighbors.
cLexExp: unsupervised lexicon expansion system.
dNegEx: negation detection algorithm.
eLASSO: least absolute shrinkage and selection operator.

Scope of Substance Use Populations Considered and
Distinction of Opioid Types
The anonymity characteristic of Reddit data prevents any
definitive description of the study participants, composed of
individuals contributing and responding to the posts selected
for analysis. Nonetheless, participation in subreddits implies an
active personal engagement with the topic, and therefore most
studies in this review presuppose that the data from posts
represent the language, views, and experiences of people who
use opioids. For instance, the study by Andy and Guntuku [47]
et al analyzed data to investigate the types of support sought by
people recovering from OUD, which was assumed based on
their activity in the r/OpiatesRecovery and r/suboxone
subreddits. Furthermore, 4 (13%) other studies also made
inferences about the drug use and recovery status of individual

redditors based on the subreddits they were found to post in
[53-55]. In total, 5 (17%) studies involved the manual inspection
and labeling of a sample of posts to verify whether they were
indicative of ongoing opioid use, recovery efforts, or a recent
relapse [55-59]. Similarly, a study by Graves et al [52] involved
a manual thematic categorization of 200 posts by 3 separate
researchers to determine whether the posts’ contents were
indicative of personal experiences of buprenorphine-naloxone
use. Another study by El-Bassel et al [22] was more cautious
in acknowledging that their data might not reflect the firsthand
experiences of people using drugs, despite this being the purpose
of their study. In all 5 studies, the posts were labeled by health
or substance use researchers except for 1 study, relying on
nonspecialist workers from Amazon Mechanical Turk [57].
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Limitations Mentioned by the Authors
In total, 20 (67%) studies reported limitations associated with
the methods used or the results produced. The most commonly
cited limitation was the uncertainty regarding the
representativeness of the community of people discussing opioid
use on Reddit to the broader population of people who use
opioids [23,43,45,52,54,58,61,62]. A related set of limitations
was the lack of information on the demographics and location
of the study participants [22,46,50] and the inability to ascertain
whether study participants had a clinical diagnosis of OUD
[22,43,52,54,61]. Another limitation was the presumption that
subreddits dedicated to opioid use and recovery would
consistently provide relevant content. A manual review
undertaken in the study by Yao et al [57] showed that this was
not true in many instances. Another study acknowledged that
relying on thematic subreddits addressing substance use
disorders disregards relevant content in nondrug use subreddits
[54].

Semantic Analysis and “Opioid Synset” Development
As Reddit forums are internet-based spaces used by people
looking for information, advice, or simply to share experiences,
the textual variation by colloquial terms (slang), misspellings,
and abbreviations is frequent. This heterogeneity imposes a
challenge for NLP methods.

More recent studies have used NLP tools for automatic variant
generation [23,45,61]. Some studies have used existing lists of
slang terms derived from the Drug Enforcement Administration
Drug Slang Code Words [63], the Drug Abuse Ontology [64],
and the Urban Dictionary [37,43,48,65]. However, many of the
papers have explored the potentialities of embedding words to
deal with semantic variation. While some studies incorporated
word embedding methods into the analysis [22,48,53-55,57],
others used this methodology with the ultimate (or intermediate)
goal of expanding opioid-related vocabulary [19,33,37,43,58].
In this spirit, Zhu and Bhat [41] proposed a multiword method
to identify nonsingle word euphemisms for the drug use field.

Despite the accessibility of word embeddings for document
identification, it is important to emphasize that the outputs
require expert curation to ensure precision in the meaning of
the words used. This is because word embedding outcomes do
not provide synonyms but words with similar representations.
For example, in the study of Chancellor et al [58], word
embedding outcomes for fentanyl included morphine, heroin,
or even ketamine. We systematically categorized opioid-related
terms used and generated across selected studies to produce a
comprehensive “opioid synset” and support research in this area
(Multimedia Appendix 6).

Ethical Considerations
Ethics approval was reported for 2 (7%) of the studies [50,52],
while a further 4 (13%) studies were granted exemptions from
ethics reviews [23,47,61,62]. The studies’dissemination vehicle
did not seem to determine whether they included ethical
considerations. About 45% (5/11) of the conference proceedings
and books and 63% (12/19) of the peer-reviewed papers did not
report obtaining ethical clearance or any type of action to protect
participants. From the remaining 55% (6/11) of the conference

proceedings and books, 2 (33%) submitted their projects to the
Institutional review board (IRB) and had them approved or
exempted, 2 (33%) used strategies to protect participants, such
as paraphrasing, and 2 (33%) argued the studies did not qualify
for the ethics board review. Of the 37% (7/19) of the
peer-reviewed papers that reported some ethical considerations
to protect participants’privacy, 4 (57%) submitted their projects
to the IRB and had them approved or exempted, and 3 (43%)
argued the studies did not qualify for ethics board review. The
papers’ ethical considerations are available in Multimedia
Appendix 4.

Discussion

Contributions and Potential of This Research
This paper describes the small but growing body of research
applying NLP methods to analyze content from Reddit relating
to opioid use. We show that the existing literature is diverse in
scope, as indicated by the combination of infodemiology,
infoveillance, pharmacovigilance, and methodological studies’
overarching goals. The literature is also varied in terms of NLP
methods used, which include word expansion techniques, topic
models, and prediction or classification methods. We found that
most studies have been led by researchers with training in
computer science, which was also the leading subject area
associated with the platforms used for their dissemination or
publication. This trend might explain the high degree of
emphasis placed on the conduct of methods-driven research in
the literature that demonstrates the application of NLP methods
in the context of OUD, as opposed to research being primarily
motivated by a theory or hypotheses specific to OUD. Indeed,
while some studies showcase NLP applications to Reddit data
that could directly be used toward routine public health
surveillance or interventions in the context of OUD, many
studies presented NLP methodological development and used
OUD as an opportune case study without considering their
practical use or operationalization.

Given our focus on leveraging big data and NLP methods to
improve public health responses to the opioid crisis, we provide
an overview of the key contributions that have been and could
be achieved through further engagement with this research.
Reddit has been increasingly used as a source of information
to understand opioid use behaviors and their connections with
other conditions. Significant problems inherent to the substance
use field, including the identification and classification of
participants’ membership along the OUD continuum and the
longitudinal tracking of OUD-related metrics, have been
robustly explored in studies, such as Jha et al [55] and Alambo
et al [48].

Compared to traditional qualitative studies that rely on recruiting
and interviewing participants, studies using Reddit data provide
temporal flexibility, enabling the retrospective investigation of
particular periods of interest, bypassing recall bias, as well as
longitudinal perspectives (which are rare in the context of
qualitative studies actively engaging participants). The latter
can include following redditor cohorts (ie, following the same
individuals over time) [53] or specific topics (including a mix
of old and new redditors participating in that specific subreddit

JMIR Infodemiology 2024 | vol. 4 | e51156 | p.40https://infodemiology.jmir.org/2024/1/e51156
(page number not for citation purposes)

Almeida et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


at each time point) [23]. Indeed, the studies using Reddit data
use Reddit data opportunistically, while traditional qualitative
studies that actively engage participants are designed to answer
specific research questions. Compared to studies using
traditional qualitative methods to analyze Reddit data, we found
that those studies using NLP methods identified similar topics.
We identified 3 studies using qualitative thematic analysis on
posts of the subreddits r/Opiates and r/OpiatesRecovery, during
the peak months of the COVID-19 pandemic, March to May
2020 [66-68], which could be compared with the NLP-based
study included in this scoping review using data from March
to May 2020, from the subreddits r/opiates, r/OpiatesRecovery,
r/suboxone, and r/Methadone [22].

The qualitative study conducted by Krawczyk et al [68], which
explored the impact of changes imposed by the pandemic on
OUD treatment access, found that people who use opioids were
concerned about OUD treatment facilities’closure, the transition
to telehealth, inconsistency between methadone daily clinic
requirements and exposure to COVID-19 risks, impressions on
regulation changes for MOUD, and how the pandemic was
impacting treatment motivation and progress. Bunting et al [67]
also qualitatively explored COVID-19 restrictions’consequences
on the daily lives of people who use opioids, such as social
isolation and the consequent change in the social network, and
how Reddit was used to ask for or offer advice. Finally,
Arshonsky et al [66] described psychological and behavioral
coping strategies for withdrawal symptoms and cessation or
reduction of opioid use.

Comparatively, the paper by El-Bassel et al [22] on NLP
provided an overview of the main topics representing different
concerns around OUD in the context of COVID-19 and its trend
and changes as the pandemic evolved. It found similar access
issues during the COVID-19 months, such as closed and
overcrowded treatment centers, limited take-home doses,
switching from methadone to buprenorphine treatment to avoid
daily clinic visits, or switching from oral to injectable
buprenorphine to avoid access barriers, financial barriers to
access MOUD, helpfulness of telehealth, withdrawal issues
originated by diminished drug supply and MOUD facilities’
closures, confusion if their symptoms were because of
withdrawal or COVID-19 infection, stigmatization by health
care providers, self-medication to keep in the recovery track,
and home detox. Sarker et al [23] also found similar topics
during the COVID-19 pandemic to those reported by El-Bassel
et al [22] and by the 3 qualitative studies mentioned [66-68],
with the bonus of following the relative frequency of themes
associated with drug use, treatment and access, and withdrawal
over time (ie, infoveillance). This suggests NLP methods can
effectively identify key themes while saving time and covering
larger textual corpora. A study purposefully designed to compare
NLP versus traditional qualitative methods is needed to
rigorously investigate the advantages and drawbacks of NLP
methods.

Given the complexity of the research questions, in general,
researchers used a mix of NLP methods to address opioid-related
problems. Traditional NLP methods, such as topic modeling,
were used more frequently to discover aspects of opioid use
behavior and follow them over time (infodemiology and

infoveillance papers), whereas word embedding was often used
to discover new drugs (pharmacovigilance) and in tandem with
classification and prediction methods to detect people’s stage
in the OUD continuum (infodemiology). In contrast, sentiment
analysis was mostly used to infer redditor’s opinions and
positioning about opioid use. Another important aspect of the
studies analyzed in this scoping review is its implications for
public health responses. While none of the studies described
the implementation of Reddit-based interventions, several
studies have the potential to be used toward such purposes. For
example, the study by ElSherief et al [60] aimed to identify
misinformation related to MOUD. It is natural to foresee how
such a tool could be used on a routine basis to detect existing
and new myths, and both respond to those posts providing
evidence-based information as well as to compile these myths
to guide public health messaging by providers and relevant
agencies. Studies presenting methods to identify users at high
risk of relapse [55] or suicide [57] could also be used to reach
out to these individuals with helpful resources, including crisis
lines and other types of support, as has been done in other
studies [69-71]. Similarly, those identified as having a high
probability of transitioning to an opioid recovery subreddit could
benefit from information and resources to engage in treatment,
counseling, support groups, or activities to facilitate this process
[53].

Methodological Remarks and Recommendations
The NLP methods used by the selected studies were diverse.
We provided a map to identify appropriate methods depending
on the research problem addressed. In addition, we have
endeavored to bring clarity regarding the different types of data
used in the studies. The commonly used term post, used across
many studies is not specific enough as it does not fully
characterize the data considered (first submission, comment, or
whether it includes the title). Similarly, it is not always clear
how many posts were included in the analyses (eg, all those
available over a period versus a sample of the posts submitted)
and how many different users these posts represented.
Importantly, details about the subreddits considered and the
period covered are not systematically specified. Best practices
for Reddit or other social media platforms’ data description
should include these key characteristics to improve transparency
about the representativity of the data and to enable its
reproducibility.

We also found important variation in terms of the use of
“dictionaries” to enable the identification of opioid use–related
content, which can have an impact on the results through
modifying the body of data examined. We, therefore, offer an
important resource to increase the quality of new research on
opioid use undertaken in this space through the synset we
compiled and shared in Multimedia Appendix 6.

Regarding the use of NLP on Reddit data, some considerations
should be highlighted. Approaching Reddit data from an
exploratory perspective, at least initially, is useful to ascertain
the extent to which Reddit data are suitable for your particular
research question. Careful selection of appropriate subreddits
is important given that each subreddit has a distinct culture and
associated norms. For example, the r/trees subreddit is devoted
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to the discussion of cannabis use, whereas the
r/marijuanaenthusiasts subreddit is devoted to the discussion of
arboreal matters. Reddit-based research—particularly in
health-related areas—should be assessed by research ethics
committees or IRBs and follow research ethics protocols related
to privacy protection. For example, Benton et al [72] recommend
adopting policies related to privacy protection (eg, refraining
from using direct quotations in presentations and publications)
and—where appropriate—deidentifying data (eg, using
anonymous numerical codes in the place of social media
usernames).

Recent changes in Reddit’s application programming interface
access have the potential to affect future research that relies on
real-time, high-throughput data access. However, historical data
(before April 2023) remains publicly available via PushShift
and the free Reddit application programming interface (accessed
via PRAW in Python) can be used to collect recent posts
containing specific keywords. Furthermore, it is possible to
purchase data from Reddit, with the study by Poudel and
Weninger [73] estimating a potential cost of US $240 per 1
million posts. Finally, as of late May 2024, Reddit is planning
on implementing a new service aimed at providing academic
researchers with affordable data [74].

Given the rapid changes in NLP technology, it is difficult to
predict the future directions of application of NLP methods to
address substance use disorders–related research questions,
particularly concerning the future performance of large language
models such as Gemini and ChatGPT (OpenAI LP). However,
2 broad themes are emerging. First, a growing democratization
of NLP methods, given that generative NLP methods allow for
the creation of baseline NLP tools by public health experts with
relatively little computer science expertise (for example, by
using prompt engineering approaches). Second, potentially
increasing costs associated with accessing data for research
given the industry-wide drive to monetize social media data.

Limitations
Our findings highlight 2 fundamental paradoxes associated with
NLP-based research on opioids using content from Reddit. The
first paradox relates to the anonymity afforded to Reddit users
to disclose their own experiences and viewpoints related to
opioid use. While this anonymity is advantageous as far as it
supports the availability of evidence offering unique insights
compared to other sources (eg, routine household surveys), it
also represents a limitation because it implies a lack of

demographic and clinical information on study participants.
This may cast doubts upon the authenticity of the findings as
there is no way of verifying whether the content reflects
firsthand experiences or whether study participants meet the
clinical criteria for a diagnosis of OUD. The second paradox
relates to the methodological capabilities of NLP techniques to
draw inferences from user-generated textual data. These
computational methods have facilitated the large-scale
computation of specific tasks, such as content identification and
detection of textual patterns involving huge quantities of data.
Despite these advances, there appear to be limits on the types
of inferences that NLP methods can make, particularly when it
comes to analyses that go beyond content identification (eg,
posts related to opioid use) and attempt to interpret meaning.
This observation corresponds with findings elsewhere, showing
that NLP methods are valuable adjuncts to traditional qualitative
research methods but do not yet represent an adequate alternative
to human analyses [75].

Despite the extensive use of bespoke lexica to perform analysis
of social media text, these lexicon-based approaches remain
error-prone due to ambiguities characteristic of natural language.
For example, different drugs may be referred to by the same
slang term in different contexts (eg, “junk” can be used to refer
to either heroin or cocaine).

A methodological limitation of this scoping review is the
inclusion of papers exclusively written in English. Although
more than half of Reddit users are from countries with the
ongoing opioid epidemic and that speak predominantly English,
such as the United States, United Kingdom, Canada, and
Australia [24], this imposes a potential constrain on the
understanding of how researchers are using NLP methods in
Reddit to investigate opioid use.

Conclusions
This comprehensive review explores the expanding application
of NLP methodologies to analyze text data sourced from Reddit,
with a particular focus on opioid-related subreddits. A wide
variety of NLP techniques and applications can be observed in
the literature that demonstrate the potential for NLP use to
support surveillance and social media interventions addressing
the opioid crisis. Although we found that these methods offer
useful insights into the behavior and attitudes of people who
use opioids, there are limits to the utility of these automated
approaches, with current methods best thought of as
supplementary to current, established epidemiological methods.
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Joanna Briggs Institute population (or participants)/concept/context (PCC) framework rationale behind each research question.
[DOCX File , 14 KB - infodemiology_v4i1e51156_app1.docx ]

Multimedia Appendix 2
Search terms strategy.
[DOCX File , 200 KB - infodemiology_v4i1e51156_app2.docx ]

Multimedia Appendix 3
PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping Reviews) checklist.
[DOCX File , 18 KB - infodemiology_v4i1e51156_app3.docx ]

Multimedia Appendix 4
Data extraction table.
[XLS File (Microsoft Excel File), 144 KB - infodemiology_v4i1e51156_app4.xls ]

Multimedia Appendix 5
Brief definitions of the natural language processing methods most used by the scoping review papers, according to Wikipedia
(accessed on January 20, 2023).
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Synset.
[XLS File (Microsoft Excel File), 42 KB - infodemiology_v4i1e51156_app6.xls ]

References
1. Degenhardt L, Grebely J, Stone J, Hickman M, Vickerman P, Marshall BD, et al. Global patterns of opioid use and

dependence: harms to populations, interventions, and future action. Lancet 2019 Oct 26;394(10208):1560-1579 [FREE
Full text] [doi: 10.1016/S0140-6736(19)32229-9] [Medline: 31657732]

2. UNODC world drug report 2019. UN Office on Drugs and Crime. URL: https://tinyurl.com/zbxdwx7k [accessed 2024-04-29]
3. Drug overdose death rates. National Institute on Drug Abuse. 2023. URL: https://nida.nih.gov/research-topics/trends-statistics/

overdose-death-rates [accessed 2024-04-29]
4. U.S. overdose deaths in 2021 increased half as much as in 2020 – but are still up 15%. National Center for Health Statistics.

2022. URL: https://www.cdc.gov/nchs/pressroom/nchs_press_releases/2022/202205.
htm#:~:text=Provisional%20data%20from%20CDC's%20National,93%2C655%20deaths%20estimated%20in%202020
[accessed 2024-04-18]

5. Allem JP, Dharmapuri L, Unger JB, Cruz TB. Characterizing JUUL-related posts on Twitter. Drug Alcohol Depend 2018
Sep 01;190:1-5 [FREE Full text] [doi: 10.1016/j.drugalcdep.2018.05.018] [Medline: 29958115]

6. Curtis B, Giorgi S, Buffone AE, Ungar LH, Ashford RD, Hemmons J, et al. Can Twitter be used to predict county excessive
alcohol consumption rates? PLoS One 2018;13(4):e0194290 [FREE Full text] [doi: 10.1371/journal.pone.0194290] [Medline:
29617408]

7. Lazard AJ, Saffer AJ, Wilcox GB, Chung AD, Mackert MS, Bernhardt JM. E-cigarette social media messages: a text mining
analysis of marketing and consumer conversations on Twitter. JMIR Public Health Surveill 2016 Dec 12;2(2):e171 [FREE
Full text] [doi: 10.2196/publichealth.6551] [Medline: 27956376]

8. Mackey T, Kalyanam J, Klugman J, Kuzmenko E, Gupta R. Solution to detect, classify, and report illicit online marketing
and sales of controlled substances via Twitter: using machine learning and web forensics to combat digital opioid access.
J Med Internet Res 2018 Apr 27;20(4):e10029 [FREE Full text] [doi: 10.2196/10029] [Medline: 29613851]

9. Mackey TK, Kalyanam J, Katsuki T, Lanckriet G. Twitter-based detection of illegal online sale of prescription opioid. Am
J Public Health 2017 Dec;107(12):1910-1915. [doi: 10.2105/AJPH.2017.303994] [Medline: 29048960]

10. Simpson SS, Adams N, Brugman CM, Conners TJ. Detecting novel and emerging drug terms using natural language
processing: a social media corpus study. JMIR Public Health Surveill 2018 Jan 08;4(1):e2 [FREE Full text] [doi:
10.2196/publichealth.7726] [Medline: 29311050]

11. Chen AT, Zhu SH, Conway M. What online communities can tell us about electronic cigarettes and hookah use: a study
using text mining and visualization techniques. J Med Internet Res 2015 Sep 29;17(9):e220 [FREE Full text] [doi:
10.2196/jmir.4517] [Medline: 26420469]

12. Meacham MC, Paul MJ, Ramo DE. Understanding emerging forms of cannabis use through an online cannabis community:
an analysis of relative post volume and subjective highness ratings. Drug Alcohol Depend 2018 Jul 01;188:364-369 [FREE
Full text] [doi: 10.1016/j.drugalcdep.2018.03.041] [Medline: 29883950]

JMIR Infodemiology 2024 | vol. 4 | e51156 | p.43https://infodemiology.jmir.org/2024/1/e51156
(page number not for citation purposes)

Almeida et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app1.docx&filename=7563b88db721e054094206aa288e447b.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app1.docx&filename=7563b88db721e054094206aa288e447b.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app2.docx&filename=4f94c287e25e647c551de0a00b216375.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app2.docx&filename=4f94c287e25e647c551de0a00b216375.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app3.docx&filename=3b482841eeb88b7962f4ad473328fc48.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app3.docx&filename=3b482841eeb88b7962f4ad473328fc48.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app4.xls&filename=fac48ce9c49eaf8dc48ebd591caf56c0.xls
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app4.xls&filename=fac48ce9c49eaf8dc48ebd591caf56c0.xls
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app5.docx&filename=85430aa0e21e8bb773ae1237f83f0722.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app5.docx&filename=85430aa0e21e8bb773ae1237f83f0722.docx
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app6.xls&filename=7a5981867054240426600c938dd1dd80.xls
https://jmir.org/api/download?alt_name=infodemiology_v4i1e51156_app6.xls&filename=7a5981867054240426600c938dd1dd80.xls
https://europepmc.org/abstract/MED/31657732
https://europepmc.org/abstract/MED/31657732
http://dx.doi.org/10.1016/S0140-6736(19)32229-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31657732&dopt=Abstract
https://tinyurl.com/zbxdwx7k
https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates
https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates
https://www.cdc.gov/nchs/pressroom/nchs_press_releases/2022/202205.htm#:~:text=Provisional%20data%20from%20CDC's%20National,93%2C655%20deaths%20estimated%20in%202020
https://www.cdc.gov/nchs/pressroom/nchs_press_releases/2022/202205.htm#:~:text=Provisional%20data%20from%20CDC's%20National,93%2C655%20deaths%20estimated%20in%202020
https://europepmc.org/abstract/MED/29958115
http://dx.doi.org/10.1016/j.drugalcdep.2018.05.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29958115&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0194290
http://dx.doi.org/10.1371/journal.pone.0194290
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29617408&dopt=Abstract
https://publichealth.jmir.org/2016/2/e171/
https://publichealth.jmir.org/2016/2/e171/
http://dx.doi.org/10.2196/publichealth.6551
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27956376&dopt=Abstract
https://www.jmir.org/2018/4/e10029/
http://dx.doi.org/10.2196/10029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29613851&dopt=Abstract
http://dx.doi.org/10.2105/AJPH.2017.303994
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29048960&dopt=Abstract
https://publichealth.jmir.org/2018/1/e2/
http://dx.doi.org/10.2196/publichealth.7726
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29311050&dopt=Abstract
https://www.jmir.org/2015/9/e220/
http://dx.doi.org/10.2196/jmir.4517
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26420469&dopt=Abstract
https://europepmc.org/abstract/MED/29883950
https://europepmc.org/abstract/MED/29883950
http://dx.doi.org/10.1016/j.drugalcdep.2018.03.041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29883950&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


13. Zhan Y, Liu R, Li Q, Leischow SJ, Zeng DD. Identifying topics for e-cigarette user-generated contents: a case study from
multiple social media platforms. J Med Internet Res 2017 Jan 20;19(1):e24 [FREE Full text] [doi: 10.2196/jmir.5780]
[Medline: 28108428]

14. Cuomo R, Purushothaman V, Calac AJ, McMann T, Li Z, Mackey T. Estimating county-level overdose rates using
opioid-related twitter data: interdisciplinary infodemiology study. JMIR Form Res 2023 Jan 25;7:e42162 [FREE Full text]
[doi: 10.2196/42162] [Medline: 36548118]

15. Sarker A, Gonzalez-Hernandez G, Ruan Y, Perrone J. Machine learning and natural language processing for
geolocation-centric monitoring and characterization of opioid-related social media chatter. JAMA Netw Open 2019 Nov
01;2(11):e1914672 [FREE Full text] [doi: 10.1001/jamanetworkopen.2019.14672] [Medline: 31693125]

16. Kilgo DK, Midberry J. Social media news production, emotional Facebook reactions, and the politicization of drug addiction.
Health Commun 2022 Mar;37(3):375-383 [FREE Full text] [doi: 10.1080/10410236.2020.1846265] [Medline: 33213217]

17. Potter M. Bad actors never sleep: content manipulation on Reddit. Continuum 2021 Sep 28;35(5):706-718 [FREE Full text]
[doi: 10.1080/10304312.2021.1983254]

18. Conway M, Hu M, Chapman WW. Recent advances in using natural language processing to address public health research
questions using social media and consumergenerated data. Yearb Med Inform 2019 Aug;28(1):208-217 [FREE Full text]
[doi: 10.1055/s-0039-1677918] [Medline: 31419834]

19. Wright AP, Jones CM, Chau DH, Matthew Gladden R, Sumner SA. Detection of emerging drugs involved in overdose via
diachronic word embeddings of substances discussed on social media. J Biomed Inform 2021 Jul;119:103824 [FREE Full
text] [doi: 10.1016/j.jbi.2021.103824] [Medline: 34048933]

20. Patel S. Reddit claims 52 million daily users, revealing a key figure for social-media platforms. The Wall Street journal.
2020. URL: https://www.wsj.com/articles/
reddit-claims-52-million-daily-users-revealing-a-key-figure-for-social-media-platforms-11606822200 [accessed 2024-04-29]

21. Tang LU, Bie B, Park SE, Zhi D. Social media and outbreaks of emerging infectious diseases: a systematic review of
literature. Am J Infect Control 2018 Sep;46(9):962-972 [FREE Full text] [doi: 10.1016/j.ajic.2018.02.010] [Medline:
29628293]

22. El-Bassel N, Hochstatter KR, Slavin MN, Yang C, Zhang Y, Muresan S. Harnessing the power of social media to understand
the impact of COVID-19 on people who use drugs during lockdown and social distancing. J Addict Med 2022;16(2):e123-e132
[FREE Full text] [doi: 10.1097/ADM.0000000000000883] [Medline: 34145186]

23. Sarker A, Nataraj N, Siu W, Li S, Jones CM, Sumner SA. Concerns among people who use opioids during the COVID-19
pandemic: a natural language processing analysis of social media posts. Subst Abuse Treat Prev Policy 2022 Mar 05;17(1):16
[FREE Full text] [doi: 10.1186/s13011-022-00442-w] [Medline: 35248103]

24. Dean B. Reddit user and growth stats. Backlinko. 2021. URL: https://backlinko.com/reddit-users [accessed 2024-04-29]
25. Arksey H, O'Malley L. Scoping studies: towards a methodological framework. Int J Soc Res Methodol 2005 Feb;8(1):19-32

[FREE Full text] [doi: 10.1080/1364557032000119616]
26. Levac D, Colquhoun H, O'Brien KK. Scoping studies: advancing the methodology. Implement Sci 2010 Sep 20;5:69 [FREE

Full text] [doi: 10.1186/1748-5908-5-69] [Medline: 20854677]
27. The use of artificial intelligence methods in Reddit to investigate opioid use: a scoping review. Open Science Framework.

URL: https://osf.io/ftqj3 [accessed 2024-04-29]
28. Prescription opioids DrugFacts. National Institute on Drug Abuse. 2021. URL: https://nida.nih.gov/publications/drugfacts/

prescription-opioids [accessed 2024-04-29]
29. Effective treatments for opioid addiction. National Institute on Drug Abuse. 2016. URL: https://tinyurl.com/mry9kknr

[accessed 2024-07-20]
30. MeSH: artificial intelligence. National Library of Medicine. 2022. URL: https://www.ncbi.nlm.nih.gov/mesh/68001185

[accessed 2024-04-29]
31. Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, et al. PRISMA extension for scoping reviews

(PRISMA-ScR): checklist and explanation. Ann Intern Med 2018 Oct 02;169(7):467-473 [FREE Full text] [doi:
10.7326/M18-0850] [Medline: 30178033]

32. Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated
guideline for reporting systematic reviews. BMJ 2021 Mar 29;372:n71 [FREE Full text] [doi: 10.1136/bmj.n71] [Medline:
33782057]

33. Preiss A, Baumgartner P, Edlund MJ, Bobashev GV. Using named entity recognition to identify substances used in the
self-medication of opioid withdrawal: natural language processing study of reddit data. JMIR Form Res 2022 Mar
30;6(3):e33919 [FREE Full text] [doi: 10.2196/33919] [Medline: 35353047]

34. Eysenbach G. Infodemiology and infoveillance: framework for an emerging set of public health informatics methods to
analyze search, communication and publication behavior on the Internet. J Med Internet Res 2009 Mar 27;11(1):e11 [FREE
Full text] [doi: 10.2196/jmir.1157] [Medline: 19329408]

35. Eysenbach G. Infodemiology and infoveillance tracking online health information and cyberbehavior for public health.
Am J Prev Med 2011 May;40(5 Suppl 2):S154-S158 [FREE Full text] [doi: 10.1016/j.amepre.2011.02.006] [Medline:
21521589]

JMIR Infodemiology 2024 | vol. 4 | e51156 | p.44https://infodemiology.jmir.org/2024/1/e51156
(page number not for citation purposes)

Almeida et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://www.jmir.org/2017/1/e24/
http://dx.doi.org/10.2196/jmir.5780
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28108428&dopt=Abstract
https://formative.jmir.org/2023//e42162/
http://dx.doi.org/10.2196/42162
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36548118&dopt=Abstract
https://europepmc.org/abstract/MED/31693125
http://dx.doi.org/10.1001/jamanetworkopen.2019.14672
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31693125&dopt=Abstract
https://doi.org/10.1080/10410236.2020.1846265
http://dx.doi.org/10.1080/10410236.2020.1846265
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33213217&dopt=Abstract
https://doi.org/10.1080/10304312.2021.1983254
http://dx.doi.org/10.1080/10304312.2021.1983254
http://www.thieme-connect.com/DOI/DOI?10.1055/s-0039-1677918
http://dx.doi.org/10.1055/s-0039-1677918
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31419834&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(21)00153-2
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(21)00153-2
http://dx.doi.org/10.1016/j.jbi.2021.103824
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34048933&dopt=Abstract
https://www.wsj.com/articles/reddit-claims-52-million-daily-users-revealing-a-key-figure-for-social-media-platforms-11606822200
https://www.wsj.com/articles/reddit-claims-52-million-daily-users-revealing-a-key-figure-for-social-media-platforms-11606822200
https://europepmc.org/abstract/MED/29628293
http://dx.doi.org/10.1016/j.ajic.2018.02.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29628293&dopt=Abstract
https://europepmc.org/abstract/MED/34145186
http://dx.doi.org/10.1097/ADM.0000000000000883
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34145186&dopt=Abstract
https://substanceabusepolicy.biomedcentral.com/articles/10.1186/s13011-022-00442-w
http://dx.doi.org/10.1186/s13011-022-00442-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35248103&dopt=Abstract
https://backlinko.com/reddit-users
https://doi.org/10.1080/1364557032000119616
http://dx.doi.org/10.1080/1364557032000119616
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-5-69
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-5-69
http://dx.doi.org/10.1186/1748-5908-5-69
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20854677&dopt=Abstract
https://osf.io/ftqj3
https://nida.nih.gov/publications/drugfacts/prescription-opioids
https://nida.nih.gov/publications/drugfacts/prescription-opioids
https://tinyurl.com/mry9kknr
https://www.ncbi.nlm.nih.gov/mesh/68001185
https://www.acpjournals.org/doi/abs/10.7326/M18-0850?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.7326/M18-0850
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30178033&dopt=Abstract
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=33782057
http://dx.doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33782057&dopt=Abstract
https://formative.jmir.org/2022/3/e33919/
http://dx.doi.org/10.2196/33919
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35353047&dopt=Abstract
https://www.jmir.org/2009/1/e11/
https://www.jmir.org/2009/1/e11/
http://dx.doi.org/10.2196/jmir.1157
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19329408&dopt=Abstract
https://doi.org/10.1016/j.amepre.2011.02.006
http://dx.doi.org/10.1016/j.amepre.2011.02.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21521589&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


36. Regulation and prequalification - what is pharmacovigilance? World Health Organization. URL: https://www.who.int/
teams/regulation-prequalification/regulation-and-safety/pharmacovigilance [accessed 2024-04-29]

37. Adams N, Artigiani EE, Wish ED. Choosing your platform for social media drug research and improving your keyword
filter list. Journal of Drug Issues 2019 Mar 13;49(3):477-492 [FREE Full text] [doi: 10.1177/0022042619833911]

38. Akioyamen P, Nicklas LC, Sanchez-Arias R. A framework for intelligent navigation using latent Dirichlet allocation on
reddit posts about opiates. In: Proceedings of the 2020 4th International Conference on Compute and Data Analysis. 2020
Presented at: ICCDA '20; March 9-12, 2020; Silicon Valley, CA p. 190-196 URL: https://doi.org/10.1145/3388142.3388156
[doi: 10.1145/3388142.3388156]

39. Davis BD, Sedig K, Lizotte DJ. Archetype-based modeling and search of social media. Big Data Cogn Comput 2019 Jul
24;3(3):44 [FREE Full text] [doi: 10.3390/bdcc3030044]

40. Jha D, Singh R. SMARTS: the social media-based addiction recovery and intervention targeting server. Bioinformatics
2019 Oct 24:1970 [FREE Full text] [doi: 10.1093/bioinformatics/btz800] [Medline: 31647520]

41. Zhu W, Bhat S. Euphemistic phrase detection by masked language model. In: Proceedings of the 2021 Association for
Computational Linguistics. 2021 Presented at: EMNLP '21; November 7-11, 2021; Punta Cana, Dominican Republic p.
163-168 URL: https://aclanthology.org/2021.findings-emnlp.16.pdf [doi: 10.18653/v1/2021.findings-emnlp.16]

42. Andy A. Self-disclosure in opioid use recovery forums. In: Shaban-Nejad A, Michalowski M, Bianco S, editors. AI for
Disease Surveillance and Pandemic Intelligence: Intelligent Disease Detection in Action. Cham, Switzerland: Springer;
2022:65-74.

43. Balsamo D, Bajardi P, Salomone A, Schifanella R. Patterns of routes of administration and drug tampering for nonmedical
opioid consumption: data mining and content analysis of Reddit discussions. J Med Internet Res 2021 Jan 04;23(1):e21212
[FREE Full text] [doi: 10.2196/21212] [Medline: 33393910]

44. Jha D, Singh R. Analysis of associations between emotions and activities of drug users and their addiction recovery tendencies
from social media posts using structural equation modeling. BMC Bioinformatics 2020 Dec 30;21(Suppl 18):554 [FREE
Full text] [doi: 10.1186/s12859-020-03893-9] [Medline: 33375934]

45. Spadaro A, Sarker A, Hogg-Bremer W, Love JS, O'Donnell N, Nelson LS, et al. Reddit discussions about buprenorphine
associated precipitated withdrawal in the era of fentanyl. Clin Toxicol (Phila) 2022 Jun;60(6):694-701 [FREE Full text]
[doi: 10.1080/15563650.2022.2032730] [Medline: 35119337]

46. Pandrekar S, Chen X, Gopalkrishna G, Srivastava A, Saltz M, Saltz J, et al. Social media based analysis of opioid epidemic
using Reddit. AMIA Annu Symp Proc 2018;2018:867-876 [FREE Full text] [Medline: 30815129]

47. Andy A, Guntuku SC. Does social support (expressed in post titles) elicit comments in online substance use recovery
forums? In: Proceedings of the 4th Workshop on Natural Language Processing and Computational Social Science. 2020
Presented at: NLPCSS '20; November 20, 2020; Virtual Event p. 35-40 URL: https://doi.org/10.18653/v1/2020.nlpcss-1.4
[doi: 10.18653/v1/2020.nlpcss-1.4]

48. Alambo A, Padhee S, Banerjee T, Thirunarayan K. COVID-19 and mental health/substance use disorders on reddit: a
longitudinal study. In: Proceedings of the 2021 Conference on Pattern Recognition, ICPR International Workshops and
Challenges. 2021 Presented at: ICPR '21; January 10-15, 2021; Virtual Event p. 20-27 URL: https://doi.org/10.1007/
978-3-030-68790-8_2 [doi: 10.1007/978-3-030-68790-8_2]

49. Ramachandran S, Brown L, Ring D. Tones and themes in Reddits posts discussing the opioid epidemic. J Addict Dis
2022;40(4):552-558 [FREE Full text] [doi: 10.1080/10550887.2022.2049170] [Medline: 35274598]

50. Gauthier RP, Costello MJ, Wallace JR. “I will not drink with you today”: a topic-guided thematic analysis of addiction
recovery on Reddit. In: Proceedings of the 2022 CHI Conference on Human Factors in Computing Systems. 2022 Presented
at: CHI '22; April 29- May 5, 2022; New Orleans, LA p. 1-17 URL: https://dl.acm.org/doi/10.1145/3491102.3502076 [doi:
10.1145/3491102.3502076]

51. Chen AT, Johnny S, Conway M. Examining stigma relating to substance use and contextual factors in social media
discussions. Drug Alcohol Depend Rep 2022 Jun;3:100061 [FREE Full text] [doi: 10.1016/j.dadr.2022.100061] [Medline:
36845987]

52. Graves RL, Perrone J, Al-Garadi MA, Yang YC, Love J, O'Connor K, et al. Thematic analysis of Reddit content about
buprenorphine-naloxone using manual annotation and natural language processing techniques. J Addict Med
2022;16(4):454-460 [FREE Full text] [doi: 10.1097/ADM.0000000000000940] [Medline: 34864788]

53. Eshleman R, Jha D, Singh R. Identifying individuals amenable to drug recovery interventions through computational
analysis of addiction content in social media. In: Proceedings of the 2017 IEEE International Conference on Bioinformatics
and Biomedicine. 2017 Presented at: BIBM '17; November 13-6, 2017; Kansas City, MO p. 849-854 URL: https://doi.org/
10.1109/BIBM.2017.8217766 [doi: 10.1109/bibm.2017.8217766]

54. 51 LJ, Sridhar S, Pandey R, Hasan MA, Mohler G. Investigate transitions into drug addiction through text mining of reddit
data. In: Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mini. 2019
Presented at: KDD '19; August 4-8,2019; Anchorage, AK p. 2367-2375 URL: https://dl.acm.org/doi/10.1145/3292500.
3330737 [doi: 10.1145/3292500.3330737]

55. Jha D, La Marca SR, Singh R. Identifying and characterizing opioid addiction states using social media posts. In: Proceedings
of the 2021 IEEE International Conference on Bioinformatics and Biomedicine. 2021 Presented at: BIBM '21; December

JMIR Infodemiology 2024 | vol. 4 | e51156 | p.45https://infodemiology.jmir.org/2024/1/e51156
(page number not for citation purposes)

Almeida et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://www.who.int/teams/regulation-prequalification/regulation-and-safety/pharmacovigilance
https://www.who.int/teams/regulation-prequalification/regulation-and-safety/pharmacovigilance
https://doi.org/10.1177/0022042619833911
http://dx.doi.org/10.1177/0022042619833911
https://doi.org/10.1145/3388142.3388156
http://dx.doi.org/10.1145/3388142.3388156
https://doi.org/10.3390/bdcc3030044
http://dx.doi.org/10.3390/bdcc3030044
https://doi.org/10.1093/bioinformatics/btz800
http://dx.doi.org/10.1093/bioinformatics/btz800
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31647520&dopt=Abstract
https://aclanthology.org/2021.findings-emnlp.16.pdf
http://dx.doi.org/10.18653/v1/2021.findings-emnlp.16
http://hdl.handle.net/2318/1768936
http://dx.doi.org/10.2196/21212
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33393910&dopt=Abstract
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-020-03893-9
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-020-03893-9
http://dx.doi.org/10.1186/s12859-020-03893-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33375934&dopt=Abstract
https://europepmc.org/abstract/MED/35119337
http://dx.doi.org/10.1080/15563650.2022.2032730
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35119337&dopt=Abstract
https://europepmc.org/abstract/MED/30815129
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30815129&dopt=Abstract
https://doi.org/10.18653/v1/2020.nlpcss-1.4
http://dx.doi.org/10.18653/v1/2020.nlpcss-1.4
https://doi.org/10.1007/978-3-030-68790-8_2
https://doi.org/10.1007/978-3-030-68790-8_2
http://dx.doi.org/10.1007/978-3-030-68790-8_2
https://doi.org/10.1080/10550887.2022.2049170
http://dx.doi.org/10.1080/10550887.2022.2049170
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35274598&dopt=Abstract
https://dl.acm.org/doi/10.1145/3491102.3502076
http://dx.doi.org/10.1145/3491102.3502076
https://doi.org/10.1016/j.dadr.2022.100061
http://dx.doi.org/10.1016/j.dadr.2022.100061
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36845987&dopt=Abstract
https://europepmc.org/abstract/MED/34864788
http://dx.doi.org/10.1097/ADM.0000000000000940
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34864788&dopt=Abstract
https://doi.org/10.1109/BIBM.2017.8217766
https://doi.org/10.1109/BIBM.2017.8217766
http://dx.doi.org/10.1109/bibm.2017.8217766
https://dl.acm.org/doi/10.1145/3292500.3330737
https://dl.acm.org/doi/10.1145/3292500.3330737
http://dx.doi.org/10.1145/3292500.3330737
http://www.w3.org/Style/XSL
http://www.renderx.com/


9-12, 2021; Houston, TX p. 913-918 URL: https://doi.org/10.1109/BIBM52615.2021.9669628 [doi:
10.1109/bibm52615.2021.9669628]

56. Yang Z, Nguyen LH, Jin F. Opioid relapse prediction with GAN. In: Proceedings of the 2019 IEEE/ACM International
Conference on Advances in Social Networks Analysis and Mining. 2019 Presented at: ASONAM '19; August 27-30, 2019;
Vancouver, BC p. 560-567 URL: https://dl.acm.org/doi/10.1145/3341161.3342951 [doi: 10.1145/3341161.3342951]

57. Yao H, Rashidian S, Dong X, Duanmu H, Rosenthal RN, Wang F. Detection of suicidality among opioid users on Reddit:
machine learning-based approach. J Med Internet Res 2020 Nov 27;22(11):e15293 [FREE Full text] [doi: 10.2196/15293]
[Medline: 33245287]

58. Chancellor S, Nitzburg G, Hu A, Zampieri F, Choudhury MD. Discovering alternative treatments for opioid use recovery
using social media. In: Proceedings of the 2019 CHI Conference on Human Factors in Computing Systems. 2019 Presented
at: CHI '19; May 4-9, 2019; Glasgow, UK p. 1-15 URL: https://dl.acm.org/doi/10.1145/3290605.3300354 [doi:
10.1145/3290605.3300354]

59. Yang Z, Bradshaw S, Hewett R, Jin F. Discovering opioid use patterns from social media for relapse prevention. Computer
2022 Feb;55(2):23-33 [FREE Full text] [doi: 10.1109/mc.2021.3095826]

60. ElSherief M, Sumner SA, Jones CM, Law RK, Kacha-Ochana A, Shieber L, et al. Characterizing and identifying the
prevalence of web-based misinformation relating to medication for opioid use disorder: machine learning approach. J Med
Internet Res 2021 Dec 22;23(12):e30753 [FREE Full text] [doi: 10.2196/30753] [Medline: 34941555]

61. Sarker A, Al-Garadi MA, Ge Y, Nataraj N, Jones CM, Sumner SA. Signals of increasing co-use of stimulants and opioids
from online drug forum data. Harm Reduct J 2022 May 25;19(1):51 [FREE Full text] [doi: 10.1186/s12954-022-00628-2]
[Medline: 35614501]

62. Sumner SA, Bowen D, Holland K, Zwald M, Vivolo-Kantor A, Guy G, et al. Estimating weekly national opioid overdose
deaths in near real time using multiple proxy data sources. JAMA Netw Open 2022 Jul 01;5(7):e2223033 [FREE Full text]
[doi: 10.1001/jamanetworkopen.2022.23033] [Medline: 35862045]

63. Drug slang code words. Drug Enforcement Administration. 2017. URL: https://ndews.umd.edu/sites/ndews.umd.edu/files/
dea-drug-slang-code-words-may2017.pdf [accessed 2024-04-29]

64. Lokala U, Lamy F, Daniulaityte R, Gaur M, Gyrard A, Thirunarayan K, et al. Drug abuse ontology to harness web-based
data for substance use epidemiology research: ontology development study. JMIR Public Health Surveill 2022 Dec
23;8(12):e24938 [FREE Full text] [doi: 10.2196/24938] [Medline: 36563032]

65. Home page. The Urban Dictionary. URL: https://www.urbandictionary.com/define.php?term=a%7Cnd [accessed 2024-04-29]
66. Arshonsky J, Krawczyk N, Bunting A, Frank D, Friedman SR, Bragg MA. Informal coping strategies among people who

use opioids during COVID-19: thematic analysis of reddit forums. JMIR Form Res 2022 Mar 03;6(3):e32871 [FREE Full
text] [doi: 10.2196/32871] [Medline: 35084345]

67. Bunting AM, Frank D, Arshonsky J, Bragg MA, Friedman SR, Krawczyk N. Socially-supportive norms and mutual aid of
people who use opioids: an analysis of Reddit during the initial COVID-19 pandemic. Drug Alcohol Depend 2021 May
01;222:108672 [FREE Full text] [doi: 10.1016/j.drugalcdep.2021.108672] [Medline: 33757708]

68. Krawczyk N, Bunting AM, Frank D, Arshonsky J, Gu Y, Friedman SR, et al. "How will I get my next week's script?"
Reactions of Reddit opioid forum users to changes in treatment access in the early months of the coronavirus pandemic.
Int J Drug Policy 2021 Jun;92:103140 [FREE Full text] [doi: 10.1016/j.drugpo.2021.103140] [Medline: 33558165]

69. Keasar V, Sznitman S, Baumel A. Suicide prevention outreach on social media delivered by trained volunteers. Crisis 2023
May;44(3):247-254 [FREE Full text] [doi: 10.1027/0227-5910/a000864] [Medline: 35656647]

70. Liu X, Liu X, Sun J, Yu N, Sun B, Li Q, et al. Proactive suicide prevention online (PSPO): machine identification and crisis
management for Chinese social media users with suicidal thoughts and behaviors. J Med Internet Res 2019 May
08;21(5):e11705 [FREE Full text] [doi: 10.2196/11705] [Medline: 31344675]

71. Notredame CE, Grandgenèvre P, Pauwels N, Morgiève M, Wathelet M, Vaiva G, et al. Leveraging the web and social
media to promote access to care among suicidal individuals. Front Psychol 2018;9:1338 [FREE Full text] [doi:
10.3389/fpsyg.2018.01338] [Medline: 30154742]

72. Benton A, Coppersmith G, Dredze M. Ethical research protocols for social media health research. In: Proceedings of the
1st ACL Workshop on Ethics in Natural Language Processing. 2017 Presented at: EthNLP '17; April 4th, 2017; Valencia,
Spain p. 94-102 URL: https://doi.org/10.18653/v1/W17-1612 [doi: 10.18653/v1/w17-1612]

73. Poudel A, Weninger T. Navigating the post-API dilemma search engine results pages present a biased view of social media
data. arXiv Preprint posted online March 11, 2024 [FREE Full text] [doi: 10.1145/3589334.3645503]

74. r/research. Reddit. 2024. URL: https://www.reddit.com/r/research/ [accessed 2024-04-29]
75. Leeson W, Resnick A, Alexander D, Rovers J. Natural language processing (NLP) in qualitative public health research: a

proof of concept study. Int J Qual Methods 2019 Nov 13;18:160940691988702 [FREE Full text] [doi:
10.1177/1609406919887021]

Abbreviations
DAR: drug addiction recovery

JMIR Infodemiology 2024 | vol. 4 | e51156 | p.46https://infodemiology.jmir.org/2024/1/e51156
(page number not for citation purposes)

Almeida et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://doi.org/10.1109/BIBM52615.2021.9669628
http://dx.doi.org/10.1109/bibm52615.2021.9669628
https://dl.acm.org/doi/10.1145/3341161.3342951
http://dx.doi.org/10.1145/3341161.3342951
https://www.jmir.org/2020/11/e15293/
http://dx.doi.org/10.2196/15293
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33245287&dopt=Abstract
https://dl.acm.org/doi/10.1145/3290605.3300354
http://dx.doi.org/10.1145/3290605.3300354
https://doi.org/10.1109/MC.2021.3095826
http://dx.doi.org/10.1109/mc.2021.3095826
https://www.jmir.org/2021/12/e30753/
http://dx.doi.org/10.2196/30753
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34941555&dopt=Abstract
https://harmreductionjournal.biomedcentral.com/articles/10.1186/s12954-022-00628-2
http://dx.doi.org/10.1186/s12954-022-00628-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35614501&dopt=Abstract
https://europepmc.org/abstract/MED/35862045
http://dx.doi.org/10.1001/jamanetworkopen.2022.23033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35862045&dopt=Abstract
https://ndews.umd.edu/sites/ndews.umd.edu/files/dea-drug-slang-code-words-may2017.pdf
https://ndews.umd.edu/sites/ndews.umd.edu/files/dea-drug-slang-code-words-may2017.pdf
https://publichealth.jmir.org/2022/12/e24938/
http://dx.doi.org/10.2196/24938
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36563032&dopt=Abstract
https://www.urbandictionary.com/define.php?term=a%7Cnd
https://formative.jmir.org/2022/3/e32871/
https://formative.jmir.org/2022/3/e32871/
http://dx.doi.org/10.2196/32871
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35084345&dopt=Abstract
https://europepmc.org/abstract/MED/33757708
http://dx.doi.org/10.1016/j.drugalcdep.2021.108672
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33757708&dopt=Abstract
https://europepmc.org/abstract/MED/33558165
http://dx.doi.org/10.1016/j.drugpo.2021.103140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33558165&dopt=Abstract
https://doi.org/10.1027/0227-5910/a000864
http://dx.doi.org/10.1027/0227-5910/a000864
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35656647&dopt=Abstract
https://www.jmir.org/2019/5/e11705/
http://dx.doi.org/10.2196/11705
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31344675&dopt=Abstract
https://europepmc.org/abstract/MED/30154742
http://dx.doi.org/10.3389/fpsyg.2018.01338
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30154742&dopt=Abstract
https://doi.org/10.18653/v1/W17-1612
http://dx.doi.org/10.18653/v1/w17-1612
https://doi.org/10.48550/ARXIV.2401.15479
http://dx.doi.org/10.1145/3589334.3645503
https://www.reddit.com/r/research/
https://doi.org/10.1177/1609406919887021
http://dx.doi.org/10.1177/1609406919887021
http://www.w3.org/Style/XSL
http://www.renderx.com/


IRB: institutional review board
JBI: Joanna Briggs Institute
MOUD: medication for opioid use disorder
NLP: natural language processing
OUD: opioid use disorder
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PRISMA-ScR: Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping
Reviews

Edited by T Mackey; submitted 23.07.23; peer-reviewed by M Haupt, R Chandrasekaran, T Nguyen; comments to author 20.03.24;
revised version received 01.06.24; accepted 18.06.24; published 13.09.24.

Please cite as:
Almeida A, Patton T, Conway M, Gupta A, Strathdee SA, Bórquez A
The Use of Natural Language Processing Methods in Reddit to Investigate Opioid Use: Scoping Review
JMIR Infodemiology 2024;4:e51156
URL: https://infodemiology.jmir.org/2024/1/e51156 
doi:10.2196/51156
PMID:

©Alexandra Almeida, Thomas Patton, Mike Conway, Amarnath Gupta, Steffanie A Strathdee, Annick Bórquez. Originally
published in JMIR Infodemiology (https://infodemiology.jmir.org), 13.09.2024. This is an open-access article distributed under
the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Infodemiology, is properly
cited. The complete bibliographic information, a link to the original publication on https://infodemiology.jmir.org/, as well as
this copyright and license information must be included.

JMIR Infodemiology 2024 | vol. 4 | e51156 | p.47https://infodemiology.jmir.org/2024/1/e51156
(page number not for citation purposes)

Almeida et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://infodemiology.jmir.org/2024/1/e51156
http://dx.doi.org/10.2196/51156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Dynamic Associations Between Centers for Disease Control and
Prevention Social Media Contents and Epidemic Measures During
COVID-19: Infoveillance Study

Shuhua Yin1, PhD; Shi Chen1, PhD; Yaorong Ge1, PhD
University of North Carolina at Charlotte, Charlotte, NC, United States

Corresponding Author:
Shi Chen, PhD
University of North Carolina at Charlotte
9201 University City Blvd
Charlotte, NC, 28223
United States
Phone: 1 8148800738
Email: schen56@charlotte.edu

Abstract

Background: Health agencies have been widely adopting social media to disseminate important information, educate the public
on emerging health issues, and understand public opinions. The Centers for Disease Control and Prevention (CDC) widely used
social media platforms during the COVID-19 pandemic to communicate with the public and mitigate the disease in the United
States. It is crucial to understand the relationships between the CDC’s social media communications and the actual epidemic
metrics to improve public health agencies’ communication strategies during health emergencies.

Objective: This study aimed to identify key topics in tweets posted by the CDC during the pandemic, investigate the temporal
dynamics between these key topics and the actual COVID-19 epidemic measures, and make recommendations for the CDC’s
digital health communication strategies for future health emergencies.

Methods: Two types of data were collected: (1) a total of 17,524 COVID-19–related English tweets posted by the CDC between
December 7, 2019, and January 15, 2022, and (2) COVID-19 epidemic measures in the United States from the public GitHub
repository of Johns Hopkins University from January 2020 to July 2022. Latent Dirichlet allocation topic modeling was applied
to identify key topics from all COVID-19–related tweets posted by the CDC, and the final topics were determined by domain
experts. Various multivariate time series analysis techniques were applied between each of the identified key topics and actual
COVID-19 epidemic measures to quantify the dynamic associations between these 2 types of time series data.

Results: Four major topics from the CDC’s COVID-19 tweets were identified: (1) information on the prevention of health
outcomes of COVID-19; (2) pediatric intervention and family safety; (3) updates of the epidemic situation of COVID-19; and
(4) research and community engagement to curb COVID-19. Multivariate analyses showed that there were significant variabilities
of progression between the CDC’s topics and the actual COVID-19 epidemic measures. Some CDC topics showed substantial
associations with the COVID-19 measures over different time spans throughout the pandemic, expressing similar temporal
dynamics between these 2 types of time series data.

Conclusions: Our study is the first to comprehensively investigate the dynamic associations between topics discussed by the
CDC on Twitter and the COVID-19 epidemic measures in the United States. We identified 4 major topic themes via topic modeling
and explored how each of these topics was associated with each major epidemic measure by performing various multivariate
time series analyses. We recommend that it is critical for public health agencies, such as the CDC, to update and disseminate
timely and accurate information to the public and align major topics with key epidemic measures over time. We suggest that
social media can help public health agencies to inform the public on health emergencies and to mitigate them effectively.

(JMIR Infodemiology 2024;4:e49756)   doi:10.2196/49756
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infoveillance; social media; COVID-19; US Centers for Disease Control and Prevention; CDC; topic modeling; multivariate time
series analysis
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Introduction

The COVID-19 pandemic caused more than 760 million cases
and 6.8 million deaths globally as of April 2023 [1]. Therefore,
it is crucial for public health agencies, such as the US Centers
for Disease Control and Prevention (CDC), to quickly and
effectively disseminate up-to-date and reliable health
information to the public to curb the pandemic. Over the past
years, social media has been widely used by various public
health agencies to make announcements, disseminate
information, and deliver guidelines of effective interventions
to the public. The CDC is among the early adopters of social
media to engage with the public, increase health literacy in the
society, and promote healthy behaviors [2]. Moreover, the
CDC’s social media team has developed the Health
Communicator’s Social Media Toolkit to efficiently use social
media platforms; map health strategies; listen to health concerns
from the public; and deliver evidence-based, credible, and timely
health communications in multiple formats such as texts, images,
and videos. The CDC’s digital health communication efforts
have been especially established on various social media
platforms such as Twitter, Facebook, and Instagram.

Building successful interactions with the public relies on people
understanding the content and raising awareness of it. The CDC
has been heavily engaging in social media presence [3]. For
example, during the COVID-19 pandemic since 2019, it has
been responsive and proactive on Twitter to continuously tweet
about reliable health-related messages and quickly diffuse public
engagement by responding to user comments, retweeting
credible sources, and monitoring online conversations in real
time. Hence, it is meaningful to recognize the COVID-19
pandemic information disseminated by the CDC on social media,
characterize various contents and topics, and evaluate posting
patterns with regard to the actual epidemic dynamics.
Monitoring the content, topics, and trends will help identify
current issues or interests and the levels of interventions. It is
critical to evaluate the associations between various COVID-19
content topics tweeted by the CDC and the actual COVID-19
epidemic measures (eg, cases, deaths, testing, and vaccination
records). Knowing the underlying associations between the
CDC’s digital health communication contents on social media
and the actual COVID-19 epidemics will help in understanding
and evaluating the CDC’s tweeting patterns with changes in the
epidemic, and will further help in recommending more effective
social media communication strategies for public health agencies
accordingly.

Infodemiology and infoveillance studies tackle health
challenges, generate insights, and predict patterns and trends of
diseases using previously neglected online data. Infodemiology,
which is the conjunction of “information” and “epidemiology,”
defined by Gunther Eysenbach, is the field of distribution and
determinants of information of a population through the internet
or other electronic media [4]. Infoveillance takes surveillance
as the primary aim and generates automated analysis from
massive online data. It employs innovative computational
approaches to mine and analyze unstructured online text
information, such as analyzing patterns and trends, predicting
potential outbreaks, and addressing current issues of public

health. Unlike traditional epidemiological surveillance systems,
which include cohort studies, disease registries, population
surveys, and health care records, infoveillance studies discover
a wide range of health topics, monitor health issues including
outbreaks and pandemics, and forecast epidemiological trends
in real time. A large amount of anonymous online data can be
obtained in a more timely manner with these approaches than
with traditional surveillance systems, and this will help
researchers and public health agencies to prepare for and tackle
public health emergencies and issues more efficiently and
effectively.

Social media platforms have been having impacts on the
community education of COVID-19 and delivering various
health information about the disease. Many studies have also
incorporated the concept of infoveillance by analyzing
unstructured textual data obtained from social media. Liu et al
[5] collected and analyzed media reports and news articles on
COVID-19 to derive topics and useful information. They aimed
to investigate the relationship between media reports and the
COVID-19 outbreak, and the patterns of health communication
on the coronavirus through mass media to the general audience.
They obtained media reports and articles related to the pandemic
and studied prevalent topics. There had been prevalent public
discussions of attitudes and perspectives on mask-wearing on
social media. Therefore, it is important for public health agencies
to disseminate the supporting evidence and benefits of masking
to mitigate the spread of COVID-19. Al-Ramahi et al [6] studied
the topics associated with the public discourse against wearing
masks in the United States on Twitter. They identified and
categorized different topics in their models. These studies all
applied infoveillance to investigate the potential impacts of
diseases, health behaviors, or interventions on target populations,
communities, and the society. However, mass media and social
media are also prone to the spreading of misinformation and
conspiracy theories, especially from unreliable sources [7].
Hence, the sources of information obtained from social media
are crucial as misinformation could potentially create bias,
mislead public perceptions, and provoke negative emotions.
Official accounts of public health agencies are usually sources
of unbiased and reliable health information. Although there
have been several studies that collectively explored the topics
discussed by the general public on social media during the
pandemic, no investigations have been performed so far to
identify various topics from health agencies, such as the CDC,
during a large health emergency.

Furthermore, information discrepancies and delays could occur
between topics posted by health agencies and real-time epidemic
trends. Such discrepancies could cause confusion among the
public on interventions for health emergencies. Therefore,
quantifying their associations is important to reduce knowledge
gaps. Chen et al [8] studied correlations between the Zika
epidemic in 2016 and the CDC’s responses on Twitter. They
quantified the association between the 2 types of data through
multivariate time series analyses and information theory
measurements. The study discovered the CDC’s varying degrees
of efforts in disseminating health-related information to the
public during different phases of the Zika pandemic in 2016.
However, no study so far has investigated such dynamic
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associations, more specifically, the CDC’s COVID-19 content
topic tweeting patterns and the actual COVID-19 epidemic
metrics.

While still being investigated, it is imperative to understand the
dynamic associations between various content topics on social
media and actual epidemic outcome metrics, which will guide
health agencies to identify driving factors between the 2 and
help in disseminating helpful knowledge to the public
accordingly. In this study, we aimed to discover the underlying
COVID-related topics posted by the CDC during different
phases of the COVID-19 pandemic. We also aimed to further
quantify and evaluate the dynamic associations between content
topics of the pandemic and multiple COVID-19 epidemic
metrics. The findings of this study will significantly increase
our knowledge about the efficiency of the CDC’s health
communications during the pandemic and help make further
recommendations for the CDC’s social media communication
strategies with the public in the future.

Methods

Data Acquisition and Preprocessing
Using the Twitter academic API (application programming
interface) and search query (see search query in Multimedia
Appendix 1), we retrieved a total of 17,524 English tweets
posted by 7 official CDC-affiliated Twitter accounts up to
January 15, 2022 (for the detailed acquisition process for CDC
tweets, see Multimedia Appendix 1). We also acquired the
COVID-19 epidemic metric data in the United States from the
Johns Hopkins University – Center for Systems Science and
Engineering (CSSE) public GitHub repository [9-11]. Four sets
of important COVID-19 time series data were retrieved,
including daily cumulative confirmed cases, deaths, testing, and
vaccination. The data were all at the US national level. The 4
sets of original COVID-19 time series data consisted of dates
and their cumulative targeted measurements. The case series
set included the daily cumulative number of confirmed
COVID-19 reported cases, and it had 751 records, ranging from
January 22, 2020, to February 10, 2022. The death series set
reported the daily cumulative number of confirmed COVID-19
death cases, and it had 908 records, ranging from January 22,
2020, to July 17, 2022. The testing data set reported the daily
cumulative number of completed polymerase chain reaction
(PCR) tests or other approved nucleic acid amplification tests,
and it had 760 records, ranging from January 13, 2020, to
February 10, 2022. The vaccination data set included the daily
cumulative number of people who received a complete primary
series of vaccine doses from the CDC Vaccine Tracker, and it
had 428 records, ranging from December 10, 2020, to February
10, 2022.

For consistency in subsequent analyses, all CDC tweet time
series and US COVID-19 variable time series were standardized

to the same time span in this study, ranging from the start date
of reported case data (January 22, 2020) to the end date of CDC
tweet collection (January 15, 2022), with a total of 725 records
for each data type. Since vaccination data were not available
until late 2020, missing values were filled with zeros. In
summary, we had 4 time series from 4 different COVID-19 US
epidemic metrics and another time series of number of tweets
from all 7 CDC-associated Twitter accounts.

Natural Language Processing
In order to identify major topics in the CDC’s COVID-19 tweets,
we performed various natural language processing (NLP) steps.
NLP, especially topic modeling, provides granular
characterization of textual inputs such as the CDC’s COVID-19
communications.

Regular expressions were first applied to process tweet texts
by removing @mentions, hashtags, special characters, emails,
punctuations, URLs, and hyperlinks. Tokenization was
performed to break down sentences into individual tokens,
which can be individual words or punctuations. For example,
the sentence “As COVID19 continues to spread, we must remain
vigilant” becomes tokens of “As,” “COVID19,” “continues,”
“to,” “spread,” “,,” “we,” “must,” “remain,” and “vigilant” after
tokenization. Next, lemmatization, a structural transformation
where each word or token is turned to its base or dictionary
form of the morphological information, was performed. For
example, for words “studies” and “studying,” the base form, or
lemma, was the same “study.” In addition to stop word removal
via the Python NLTK library, we created our own list of stop
words and removed them from the texts (see the stop words list
in Multimedia Appendix 1). With help from domain experts,
we excluded stop words that did not contribute to topic mapping.

N-grams, phrases with n words, were developed with a threshold
value of 1 to form phrases from tweets. Phrase-level n-grams
were applied here because phrases offer more semantic
information than individual words [12]. A higher threshold
value resulted in fewer phrases to be formed. The texts were
mapped into a dictionary of word representations, which was a
list of unique words, and it was then used to create bag-of-words
presentations of the texts. A term frequency-inverse document
frequency (TF-IDF) model was implemented to evaluate the
importance and relevancy of the words to a document. It was
calculated by multiplying term frequency, which is the relative
frequency of a word within a document, with inverse document
frequency, which measures how common or rare a word is
across a corpus. A higher TF-IDF value indicates that the word
is more relevant to the document it is in [13,14]. Words that
were missing and lower than the threshold value of 0.005 from
the TF-IDF model were excluded. Table 1 shows the process
of data collection and preprocessing, and Table 2 shows the
steps of subsequent NLP and statistical analyses.
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Table 1. Data collection and preprocessing.

Data preprocessingData collectionVariable

CDCa tweets •• Remove @mentions, hashtags, special characters, emails,
punctuations, URLs, and hyperlinks

Twitter APIb using a search query
• 17,524 English tweets by January 15, 2022

• Tokenization: break down sentences into individual tokens
• Lemmatization: each word or token is turned to its base or

dictionary form
• Remove a list of stop words created by research experts
• N-grams: form phrases from the tweets
• Modify the date range: January 22, 2020 (the start date of

reported case data) to January 15, 2022 (the end date of CDC
tweets)

COVID-19 epidemic
metrics

•• Standardize metric time series to be the same as that of CDC
tweets

Public GitHub repository of the CSSEc at Johns
Hopkins University

• Fill missing values in the vaccination data with zeros• Confirmed case count: 751 records; January 22,
2020, to February 10, 2022 • 725 records for each of the 4 metric series

• Turn cumulative records to daily records• Death count: 908 records; January 22, 2020, to July
17, 2022

• Completed COVID-19 tests: 760 records; January
13, 2020, to February 10, 2022

• Complete vaccination: 428 records; December 10,
2020, to February 10, 2022

aCDC: Centers for Disease Control and Prevention.
bAPI: application programming interface.
cCSSE: Center for Systems Science and Engineering.

Table 2. Subsequent analyses.

Data analysisTopic modelingVariable

CDCa tweets and
COVID-19 metrics

•• Domain experts examine topic keywords with randomly
sampled tweets in iteration

Construct an LDAb topic model using CDC tweets
assigning 4 topics

• Domain experts determine the theme of each topic• Extract generated topics with their top 10 unique asso-
ciated keywords • Perform multivariate time series analyses between each

topic time series and each COVID-19 metric time series:• Produce interactive visualizations using pyLDAvis

1. Visualization

2. Cross-correlation function (CCF)

3. Mutual information (MI)

4. Autoregressive integrated moving average with external vari-
able (ARIMAX) model

aCDC: Centers for Disease Control and Prevention.
bLDA: latent Dirichlet allocation.

Topic Modeling With Latent Dirichlet Allocation
To identify more specific topics from all the COVID-19 tweets
posted by the CDC, we performed topic modeling via latent
Dirichlet allocation (LDA). LDA automatically generates
nonoverlapping clusters of words (ie, clusters of words based
on their distributions in their corresponding topics) that represent
different topics based on probabilistic distributions across the
whole corpus (ie, all CDC tweets in this study). LDA was
developed to find latent, hidden topics from a collection of
unstructured documents or a corpus with text data. Topic models
are probabilistic models that perform at 3 levels of documents:
a word, a document, and a corpus consisting of multiple
documents. The details of LDA and topic models are provided
in Multimedia Appendix 1. We investigated and compared
across 3 to 8 potential topics and determined the optimal number

of topics based on both topic model evaluation and domain
expert interpretations of the identified topic clusters.

Model perplexity and topic coherence scores were calculated
as performance metrics of LDA. Perplexity is a decreasing
“held-out log-likelihood” function that assesses LDA
performance using a set of training documents. The trained LDA
model is then used to test documents (held-out set). The
perplexity of a probability model q on how well it predicts a set
of samples x1, x2, ..., xN drawn from an unknown probability
distribution p, is defined as follows [15]:

An ideal q should have high probabilities q(xi) for the new data.
Perplexity decreases as the likelihood of the words in new data
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increases. Therefore, lower perplexity indicates better
predictability of an LDA model.

Topic coherence assesses the quality of the topics, which is
measured as the understandability and semantic similarities
between high scoring words (ie, the words that have a high
probability of occurring within a particular topic) in topics
generated by LDA [16]. We used the UMass coherence score
[17], which accounts for the order of a word appearing among
the top words in a topic. It is defined as follows [18]:

where N is the number of top words of a topic of a sliding
window, P(wi) is the probability of the ith word w appearing
in the sliding window that moves over a corpus to form
documents, and P(wi, wj) is the probability of words wi and wj

appearing together in the sliding window. According to the
study from UMass, coherence decreases initially and becomes
stationary as the number of topics increases [16].

Representations of all topics were presented in word-probability
pairs for the most relevant words grouped by the topics.
Interactive visualizations were produced using the pyLDAvis
package in Python 3.7 to examine the topics generated by LDA
and their respective associated keywords. A data frame of all
dominant key topics was created. The original unprocessed full
texts of the CDC tweets, IDs, and posting dates were combined
into a data frame along with their corresponding key topic
number labels and topic keywords. In addition, the daily
percentage of each topic from LDA was calculated for further
time series analysis. For instance, vaccine/vaccination is an
identified key topic, so the percentage of vaccine-related CDC
tweets on each day was calculated for the entire study period
to construct the vaccine/vaccination-specific topic time series.
Since LDA is technically an unsupervised clustering method,
after the topics or clusters of word distributions from the CDC’s
tweets were generated using LDA, domain experts were
involved to further label and interpret the content of the topics
using domain knowledge. We randomly generated 20 sample
tweets from each topic using Python for domain experts to
examine, analyze, and determine the themes of the topics. For
each topic, LDA provided a list of the top keywords associated
with that topic, and we selected the top 10 keywords. We
examined these keywords and referred to the 20 sample tweets,
and then derived a theme or context that encompasses these
keywords and the original tweets through further discussions,
which was important for understanding the context in which
these words were used. The final agreement on the interpretation
of LDA-generated topics was reached after multiple iterations
and discussions of the above process.

Multivariate Time Series Analyses Between Identified
CDC Tweet Topics and COVID-19 Epidemic Metrics

Data Preparation
Key topic time series data were derived from the previous NLP
and LDA processes. We constructed a multivariate data frame
with posting dates and number of tweets for each key topic at
a daily resolution. Since LDA identified 4 key topics, a total of
4 CDC key topic time series were developed. There were also

4 US COVID-19 epidemic metric time series: daily cumulative
reported cases, cumulative confirmed deaths, cumulative number
of completed PCR tests or other approved nucleic acid
amplification tests, and cumulative number of people who
received a complete primary series of vaccines. These 4 sets of
COVID-19 epidemic metric time series were then converted to
daily measures via first order differencing. Multivariate time
series analyses were implemented to investigate the associations
between time series of key CDC tweet topics and US COVID-19
epidemic metrics.

Visualizations
Both types of time series, CDC key topics and COVID-19
metrics, were visually inspected in the same plot on double
y-axes, with the left y-axis displaying the daily COVID-19
metric and right y-axis displaying the daily CDC tweet topic
count. In addition, each plot was further divided based on
COVID-19 phases with different dominant variants: the original,
Alpha, Delta, and Omicron variants, with their corresponding
starting dates: March 11, 2020; December 29, 2020; June 15,
2021; and November 30, 2021, respectively. This helps further
observe and identify dynamic changes of time series and their
associations during different phases of the pandemic.

Cross-Correlation Function
Between 2 time series (also known as signals x and y), the
cross-correlation function (CCF) [19] quantifies their levels of
similarities (ie, how similar the 2 series are at different times),
their associations (ie, how values in one series can provide
information about the other series), and when they occur [20].
The CCF takes the sum of the product for each of the x and y
data points at time lag l, defined as follows [19]:

where N is the number of observations in each time series, and
xi and yi are the observations at the ith time step in each of the
time series. The CCF ranges from −1 to 1, and a larger absolute
value of the CCF is related to a greater association shared by
the 2 time series at a given time lag l [21]. In this study, each
of the 4 CDC tweet topic time series was compared with each
of the 4 COVID-19 epidemic metric time series to calculate
their respective CCFs. All CCF values were calculated with a
maximum lag of 30 days, as we assumed that the real-world
epidemic could not influence online discussions for more than
a month and vice versa.

Mutual Information
Mutual information (MI) was calculated by computing the
entropy of the empirical probability distribution to further
quantify the association between each of the 4 key CDC tweet
topics and each of the 4 US COVID-19 epidemic metrics. MI
measures the amount of mutual dependence or average
dependency between 2 random variables X and Y. It is defined
as follows [22]:

where xi and yi are the ith elements of the variables X and Y,
respectively. When applied to time series data, X and Y are 2
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individual time series and xi and yi are their respective
observations at the ith time step. Note that MI is a single value
instead of a function over lag l as in the CCF. A larger MI value
indicates a higher shared mutual dependency between the 2 time
series.

Autoregressive Integrated Moving Average With
External Variable
Neither the CCF nor MI differentiate dependent and independent
variables, that is, the formula was symmetric with regard to X
and Y variables. We further evaluated whether the CDC tweeting
topics were influenced by real-world COVID-19 epidemic
outcomes. An autoregressive integrated moving average with
external variable (ARIMAX) model was constructed to fit each
of the 4 CDC topics with each of the 4 COVID-19 epidemic
metrics during the entire study period. A univariate
autoregressive integrated moving average (ARIMA) model fits
and forecasts time series data with the integration of an
autoregressive (AR) component and a moving average (MA)
component with their respective orders/lags (see Multimedia
Appendix 1 for detailed information about the AR model). The
ARIMA model consists of both AR(p) and MA(q) as well as
an order d differencing term, resulting in the following ARIMA
(p, d, q) model [23, 24]:

or in backward shift operator form:

See Multimedia Appendix 1 for details on the parameters.

The ARIMAX model further extends ARIMA to the multivariate
time series by incorporating at least one exogenous independent
variable xt. ARIMAX (p, d, q) is specified as follows [25]:

or in backward shift operator form [26]:

where contributes to the exogeneous independent variable
that could potentially influence the dependent variable yt.

In this study, ARIMAX was developed to evaluate how
real-world epidemic metrics, modeled as exogeneous variables,
impact CDC tweet topic dynamics as dependent variables. Each
of the 4 CDC tweet topics was modeled as a dependent variable
(yt) and each of the 4 COVID-19 epidemic measures was an
independent exogeneous variable (xt). The optimal ARIMA and
ARIMAX model parameter set (p, d, q) was determined by the
R ARIMA model package.

In addition to reporting the values of the ARIMAX model
parameter set (p, d, q), difference in Akaike information criterion
(dAIC), root mean square error (RMSE), and mean absolute
error (MAE) were also computed to compare different ARIMAX
performances. The optimal model was the one with the lowest
AIC score. dAIC was computed in between 2 models (see

Multimedia Appendix 1 for detailed information on AIC). We
had an ARIMA model of a single topic time series and an
ARIMAX model of that topic time series with an exogeneous
variable. Negative dAIC values indicated that the ARIMAX
model showed improvement in model performance over the
ARIMA counterpart that did not include an exogenous variable.

The commonly used RMSE and MAE were adopted as
performance metrics. They are defined as follows [27]:

where n is the number of data points in a sample y (yi, where
i=1, 2, …, n). RMSE and MAE are Euclidean distance and
Manhattan distance in high-dimensional space, respectively.

Results

Topic Modeling and Content Results
A total of 17,524 English tweets posted by the CDC were
retrieved and analyzed. Four key topics were generated via LDA
based on evaluation metrics including perplexity and coherence
score. These topics were then examined and categorized to
themes by domain experts (Textbox 1 with example tweets with
their respective topics). The themes of the topics and their top
10 unique associated keywords are presented in Table 3.

Topics were plotted as circles and displayed on the left panel;
the most relevant terms or associated keywords with their
corresponding topics were displayed in frequency bars on the
right panel, which showed each term’s frequency from each
topic across the corpus (ie, all CDC COVID-19 tweets sampled)
[28] (see Multimedia Appendix 1 for more detailed information
about visualizations in the pyLDAvis package). The size of the
circle indicated the prevalence of that topic in the corpus.
Visualizations for all topics, displayed in circles on the left
panel, and their top 15 corresponding relevant terms or
associated keywords, displayed in frequency bars on the right
panel, are provided in Figures S1-S5 in Multimedia Appendix
1.

Based on the LDA visualization results, these 4 identified key
topics had the largest distances and minimal dimensional overlap
in the reduced 2D plane. From a public health perspective, the
CDC’s online health communication of COVID-19, the largest
health emergency in the 21st century, has been relatively
cohesive and comprehensive. Therefore, the 4 key topics
identified via LDA were not completely mutually exclusive. In
addition, the 4-topic model had the balance of separation of
topics from a computational perspective and clear interpretability
from a health perspective. Increasing the number of topics yields
a substantial amount of topic overlap, which was also
challenging to provide explicit and clear interpretations. Figure
1 illustrates an example of topic 4 [29,30]. A list of associated
terms of topic 4 and the overall frequency of the terms in the
corpus have been displayed in the right panel. The 5 key terms
from topic 4 based on overall frequency across all tweets were
“booster,” “school,” “increase,” “parent,” and “country.”
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Textbox 1. Example tweets from each topic theme.

Topic 1: General vaccination information and education, especially preventing adverse health outcomes of COVID-19

• “Even as the world’s attention is focused on #COVID19, this week we are taking time to highlight how #VaccinesWork and to thank the heroes
who help develop and deliver lifesaving vaccines. #WorldImmunizationWeek message”

• “CDC’s #COVID19 Vaccine Webinar Series is a great place to start learning about a variety of topics around COVID-19 vaccination.”

• “The #DeltaVariant of the virus that causes #COVID19 is more than two times as contagious as the original strain. Wear a mask indoors in public,
even if vaccinated and in an area of substantial or high transmission. Get vaccinated as soon as you can.”

Topic 2: Pediatric intervention, pediatric vaccination information, family safety, and school and community protection

• “Make #handwashing a family activity! Explain to children that handwashing can keep them healthy. Be a good role model—if you wash your
hands often, your children are more likely to do the same. #COVID19”

• “Parents: During #COVID19, well-child visits are especially important for children under 2. Schedule your child’s routine visit, so the healthcare
provider can check your child’s development & provide recommended vaccines.”

• “It is critically important for our public health to open schools this fall. CDC resources will help parents, teachers and administrators make
practical, safety-focused decisions as this school year begins.”

Topic 3: Updates on COVID-19 testing, case, and death data, and relevant information of the disease

• “CDC tracks 12 different forecasting models of possible #COVID19 deaths in the US. As of May 11, all forecast an increase in deaths in the
coming weeks and a cumulative total exceeding 100,000 by June 1. See national & state forecasts.”

• “The latest CDC #COVIDView report shows that the percentage of #COVID19-associated deaths has been on the rise in the United States since
October and has now surpassed the highest percentage seen during summer.”

• “#COVID19 cases are going up dramatically. This increase is not due to more testing. As the number of cases rise, so does the percentage of
tests coming back positive, which shows that COVID-19 is spreading.”

Topic 4: Research, study, health care, and community engagement to curb COVID-19

• “Our Nation’s medical community has been vigilant and their help in identifying confirmed cases of #COVID19 in the United States to date has
been critical to containing the spread of this virus.”

• “In a new report using data from Colombia, scientists found that pregnant women with symptomatic #COVID19 were at higher risk of hospitalization
& death than nonpregnant women with symptomatic COVID-19. HCPs can inform pregnant women about how to stay safe.”

• “A new study finds masking and fewer encounters or less time close to persons with #COVID19 can limit the spread in university settings.
#MaskUp when inside indoor public places regardless of vaccination status.”

Table 3. Identified key topics of Centers for Disease Control and Prevention tweets with unique focal keywords.

Top 10 unique keywordsKey topics

learn, time, safe, fully vaccinate, prevent, child age, old, share,
flu, month

1. General vaccination information and education, especially preventing adverse
health outcomes of COVID-19 (including cases, severe conditions/hospitalization,
and death)

work, school, datum, test, infection, family, free, home, public,
check

2. Pediatric intervention, pediatric vaccination information, family safety, and school
and community protection

patient, update, booster, cause, recommend, increase, day, pro-
gram, important, read

3. Updates on COVID-19 testing, case, and death data, and relevant information of
the disease

vaccination, vaccinate, child, protect, protection, report, visit,
risk, community, travel

4. Research, study, health care, and community engagement to curb COVID-19
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Figure 1. Interactive mapping of topic 4 generated by latent Dirichlet allocation.

Multivariate Time Series Analysis Results

CCF Results
The time series of CDC tweet topics and COVID-19 metrics
were plotted to visually examine patterns and potential
associations. A total of 16 time series plots (4 topics × 4
COVID-19 epidemic metrics) were generated (Figures S14-S29
in Multimedia Appendix 1). CCFs were computed to quantify
the dynamic association between each CDC key topic series
and each of the 4 COVID-19 epidemic metrics. Quantitative
results have been presented (Tables S3-S6 in Multimedia
Appendix 1). Visualizations (Figures S30-S44 in Multimedia
Appendix 1) illustrated CCFs between both types of time series.
CCF values and plots showed that the CDC’s key COVID-19
tweet topic series was not substantially correlated with the
confirmed COVID-19 case count series. As an example, there

were no specific patterns between topic 2 and daily confirmed
COVID-19 cases (Figure 2A).

COVID-19 confirmed cases and the death time series had very
similar dynamic patterns in the United States across the time
span (Figure 2B). Consequently, they also showed similar CCFs
with the CDC key topic series (Figure S45 in Multimedia
Appendix 1). COVID-19 deaths had no substantial correlations
with any of the 4 CDC key topics (Figures S18-S21 in
Multimedia Appendix 1) based on CCFs. There were no
substantial correlations between any of the 4 key topics and the
COVID-19 testing series as well as the fully vaccinated rate
series. Examples showed the CCFs between those and topic 2
(Figures 3 and 4). These results indicated a potential discrepancy
between the CDC’s health communication focus and the actual
COVID-19 epidemic dynamics in the United States during the
pandemic.
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Figure 2. Time series of topic 2 against 2 COVID-19 metrics: (A) case counts, (B) death counts. CDC: Centers for Disease Control and Prevention;
US: United States.

Figure 3. Cross-correlation function (CCF) between the completed COVID-19 test series and topic 2 tweets. (A) Trends of CDC tweet topics and
number of completed tests; (B) CCF between COVID-19 confirmed cases and topic 2 tweets. CDC: Centers for Disease Control and Prevention.
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Figure 4. Cross-correlation function (CCF) between the completed COVID-19 vaccination series and topic 2 tweets. (A) Trends of CDC tweet topics
and vaccination records; (B) CCF between records of fully vaccinated people and topic 2 tweets. CDC: Centers for Disease Control and Prevention.

MI Results
MI values between each CDC tweet topic and each COVID-19
metric were calculated, and they are shown in Table 4.
Confirmed case counts and topic 4 (research, health care, and
community engagement to restrain COVID-19) had the highest
MI value (3.21), indicating that there was a strong dependency
in COVID-19 cases and topic 4. On the other hand, the
vaccination rate and topic 3 had the lowest MI value (0.56),
indicating almost independence between the 2 series. Among
all 4 key topics, topic 4 showed the highest MI values (3.21,
3.02, 3.21, and 1.65) with the 4 COVID-19 metrics. Topic 2
(pediatric intervention, family safety, and school and community
protection) had consistently lower MI values with the
COVID-19 metric than topic 4. The MI of topic 1 (information
on COVID-19 vaccination and education on preventing its
adverse health outcomes) and topic 3 (updates on COVID-19
testing, case, and death metrics, and relevant information of the
disease) showed similar values with all 4 COVID-19 metrics,

although the MI values of topic 1 were slightly higher.
Vaccination and educational information on the adverse health
outcomes of COVID-19 appeared to not be substantially
correlated with COVID-19 epidemic metrics, including testing,
cases, and deaths. We speculated that the CDC considered both
vaccination and preventing adverse health outcomes of
COVID-19 critical to public health and disseminated these
topics regardless of the current COVID-19 situation at the time
of posting.

In addition, MI values between all pairs of CDC topics were
calculated (Table S7 in Multimedia Appendix 1). The resulting
MI values, ranked from the largest to smallest, were for topics
2 and 4, topics 3 and 4, topics 1 and 2, topics 2 and 3, topics 1
and 4, and topics 1 and 3. Based on the CDC’s COVID-19
tweeting patterns, pediatric intervention and family and
community safety were strongly associated with health care
research studies and public engagement to curb the spread of
COVID-19.

Table 4. Mutual information values between Centers for Disease Control and Prevention key topics and COVID-19 metrics in the United States.

Topic 4dTopic 3cTopic 2bTopic 1aCOVID-19 daily measurements in the United States

3.211.182.931.25Confirmed case counts

3.021.062.741.12Death counts

3.211.182.911.24Completed COVID-19 test counts

1.650.561.490.60Fully vaccinated counts

aTopic 1: General vaccination information and education, especially preventing adverse health outcomes of COVID-19.
bTopic 2: Pediatric intervention, pediatric vaccination information, family safety, and school and community protection.
cTopic 3: Updates on COVID-19 testing, case, and death data, and relevant information of the disease.
dTopic 4: Research, study, health care, and community engagement to curb COVID-19.

ARIMAX Results
ARIMAX performance measures, including values of ARIMAX
parameters (p, d, q), dAIC, RMSE, and MAE, are reported in
Table 5. As an external input, the vaccination rate time series
significantly improved the performances of the original ARIMA
models for all CDC key topics (dAIC = −108.15, −69.79,
−90.54, and −91.53 for topics 1 to 4, respectively). This was
the largest increase in model performance across all topics with
the exogeneous variable in the ARIMAX model. The COVID-19
case series improved the ARIMA model performance for CDC

topics 1 and 3 (dAIC = −104.76 and −1.53 for topics 1 and 3,
respectively). Including the death or testing series did not result
in substantial improvements to the ARIMA model performance
for all CDC key topics.

ARIMAX models with lower RMSE and MAE values indicated
higher accuracy of the time series models (Table 5). Overall,
ARIMAX models for topics 1 and 3 with all COVID-19 metrics
delivered the smallest RMSE values (lowest [1.10] for topic 3
with death counts and highest [1.21] for topic 1 with full
vaccination records), while those of topic 4 delivered the largest
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RMSE values (lowest [6.25] with death counts and highest
[6.93] with full vaccination records). Similarly, MAE values
were the lowest for ARIMAX models for topics 1 and 3 with
the epidemic metrics (lowest [0.82] for topic 3 with death counts
and highest [0.91] for topic 1 with full vaccination records),
and they were the largest for topic 4 with the epidemic metrics
(lowest [4.97] with death counts and highest [5.56] with full
vaccination records). These ARIMAX performance results
showed significant variabilities between the 2 types of time
series (CDC key tweet topics and actual COVID-19 metrics in
the United States).

We performed an exhaustive search to identify the optimal
ARIMAX parameters (p, d, q). For example, topic 1 with death

counts and completed testing records had the same parameter
set (p, d, q=2, 1, 3), indicating that the optimal ARIMAX model
between these time series needed first-order differencing (d=1)
to achieve stationarity and minimal AIC values, its AR time lag
was 2 (p=2), and its MA time lag was 3 (q=3). The topic 1 series
with case counts and complete vaccination had the same
parameter values (p, d, q=5, 1, 0), indicating that the model was
simply an AR model (q=0 with no MA terms) with a time lag
of 5 (p=5) after first-order differencing (d=1). The complete
ARIMAX parameters are shown in Table 5. All ARIMAX
models needed first-order differencing (d=1) to be stationary
and to minimize AIC values.
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Table 5. Autoregressive integrated moving average with external variable performance measures of each Centers for Disease Control and Prevention
topic and COVID-19 epidemic metric pair.

Topic 4eTopic 3dTopic 2cTopic 1bCOVID-19 epidemic measures and

ARIMAXa metrics

Case counts

(3, 1, 2)(2, 1, 1)(4, 1, 1)(5, 1, 0)ARIMAX parf

11.97 (4785.89, 4773.92)−1.53h (2227.59, 2229.12)0.45 (4304.09, 4303.64)−104.76h (2240.19,

2344.95)i
dAICg

6.451.124.661.21RMSEj

5.100.863.660.90MAEk

Death counts

(3, 1, 2)(2, 1, 1)(4, 1, 1)(2, 1, 3)ARIMAX par

60.14 (4785.89, 4725.75)20.43 (2227.59, 2207.16)36.60 (4304.09, 4267.49)6.72 (2240.19, 2233.47)dAIC

6.251.104.561.12RMSE

4.970.823.570.84MAE

Testing

(3, 1, 2)(0, 1, 2)(4, 1, 1)(2, 1, 3)ARIMAX par

36.97 (4785.89, 4748.92)1.83 (2227.59, 2225.76)19.56 (4304.09, 4284.53)0.13 (2240.19, 2240.06)dAIC

6.341.114.601.13RMSE

4.990.853.610.84MAE

Vaccination

(5, 1, 0)(5, 1, 0)(5, 1, 0)(5, 1, 0)ARIMAX par

−91.53h (4785.89,
4877.42)

−90.54h (2227.59,
2318.13)

−69.79h (4304.09,
4373.88)

−108.15h (2240.19,
2348.34)

dAIC

6.931.184.901.21RMSE

5.560.893.810.91MAE

aARIMAX: autoregressive integrated moving average with external variable.
bTopic 1: General vaccination information and education, especially preventing adverse health outcomes of COVID-19.
cTopic 2: Pediatric intervention, pediatric vaccination information, family safety, and school and community protection.
dTopic 3: Updates on COVID-19 testing, case, and death data, and relevant information of the disease.
eTopic 4: Research, study, health care, and community engagement to curb COVID-19.
fARIMAX parameters (p, d, q).
gdAIC: delta Akaike information criterion (AIC) or difference in AIC.
hNegative dAIC: indicates improvement of performance in the ARIMAX model compared with its autoregressive integrated moving average (ARIMA)
model.
iAIC values of ARIMA and its corresponding ARIMAX models.
jRMSE: root mean square error.
kMAE: mean absolute error.

Discussion

Principal Findings
In this study, we systematically investigated and
comprehensively identified the CDC’s key topics, COVID-19
epidemic metrics, and dynamic associations between the 2 types
of data series based on 17,524 COVID-related English tweets
from the CDC since January 2022. The LDA topic model was
built to characterize and identify the dynamic shifts of topics
in the CDC’s COVID-19 communication over a period of more

than 2 years. For the first time, we were able to identify the
following 4 key topics: (1) general vaccination information and
education; (2) pediatric intervention that also involved family
and school safety; (3) updates on the COVID-19 epidemic
situation, such as numbers of cases, deaths, etc; and (4) research
studies that were able to curb the pandemic.

Our study took a unique approach of infoveillance by identifying
potential associations between COVID-19 epidemic outcome
metrics in the United States and the CDC’s key topic dynamics
during different stages of the pandemic. This innovative
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framework significantly expanded the original infoveillance
approach that generally relied on the number of posts (ie, posting
dynamics) without further extracting more detailed and
meaningful content topics and sentiments from the textual data.
Our study was able to further provide practical and useful health
communication strategies for public health agencies to
effectively communicate timely and accurate information to the
public. It is important to investigate the dynamic associations
between the CDC’s tweets on COVID-19 and the progression
of the pandemic for several reasons:

1. Understanding their relationship can reveal how public
health messaging impacts public perception and engagement
at different stages of a major health emergency. A strong
association between the CDC’s tweets and epidemic
measures indicates that public health messaging is effective.
Weak associations might indicate that messaging from the
CDC to the public over time is not effective; however, it
will lead us to further explore the influential factors and
provide health communication strategies for public health
agencies.

2. It can also show if the CDC’s messaging on Twitter is
proactive or reactive to the actual epidemic, informing
strategies for future public health communication.

3. It helps public health agencies better allocate resources.
For example, if tweets related to educating the public on
monitoring COVID-19 symptoms and updating certain
metrics lead to an increase in the number of people trying
to get COVID tests, then resources could be directed toward
opening testing centers and sending free test kits to homes.

Our study is the first of its kind to comprehensively evaluate
the impact of online public health communication, especially
on Twitter, which is one of the major social media platforms,
during different phases of a large health emergency. We studied
the overall daily volume of COVID-19–related tweets posted
by the CDC over time as a baseline (Figure 5), and the volume
of tweets was higher in the early phase of the pandemic,
indicating a strong effort at the CDC to disseminate important
information to the public. We did not observe visually clear
patterns of an association with COVID-19 epidemic measures.
We further applied novel NLP to significantly reduce the gap
of previous studies that overlooked the dynamic association
between detailed topics discussed by public health agencies on
social media and real-world epidemic metrics.

We then examined the dynamic associations between the 4
identified key topics and 4 COVID-19 epidemic outcome
metrics. Among the 4 major topics, topic 1, which covered
information on vaccination and adverse health outcomes of
COVID-19, had substantially strong associations with death
counts and testing records during the Alpha phase (December
29, 2020, to June 14, 2021). We found that during this phase,
when the overall vaccination-related CDC tweets were
decreasing, the daily vaccination rate (number of people who
received a complete primary series of the COVID-19 vaccine
based on the CDC Vaccine Tracker) was increasing, which

aligned with the CDC’s effort in emphasizing the importance
of vaccination to the public on social media. When discussions
from the CDC about vaccination were increasing after the Alpha
phase, the vaccination rate started to decrease. The reasons could
be but are not limited to the following:

1. Ineffective messaging from the CDC on social media to the
public during later stages of the pandemic.

2. Lack of engagement from the public, since not everyone
follows or engages with official accounts and might miss
or overlook them amidst other content.

3. Fatigue from information overload where frequent data
updates on social media platforms can lead to
desensitization, making it less likely for users to pay
attention over time and act on the information.

4. Temporal delays create time lag, which can impact the
associations between the topics and the real epidemic
measures.

5. Political factors such as antivaccination groups.

Therefore, with all possible influential factors, the CDC could
not fully impact the public’s responses and actions on getting
vaccinated even though they had been making efforts on sharing
educational information about vaccination. This finding showed
that the CDC had been making efforts to emphasize the
importance of vaccination on Twitter, but the public response
was weak. Thus, it is important to further study the influential
factors for the CDC’s social media strategies. Topic 3, which
provided updates on 3 of the COVID-19 measures (testing,
cases, and deaths) and their relevant information, aligned better
with the case series during the Delta phase (June 15, 2021, to
November 29, 2021). It also matched with the death series
during the declared pandemic phase (original variant: March
11, 2020, to December 28, 2020) and Delta phase, classified by
the World Health Organization on May 11, 2021. Furthermore,
even though topic 3 did not demonstrate a visible association
with the testing series, timely communication from the CDC
was actually strongly associated with the testing time series
over the entire study period based on the multivariate time series
analysis.

According to these key findings, we suggest that aligning the
content topics of health communication from public health
agencies with the temporal dynamics of COVID-19 or other
emerging public health emergencies (eg, major epidemic
outcome metrics) can help provide more timely and relevant
information to the public. Therefore, we recommend that the
CDC and other public health agencies monitor the epidemic
outcome metrics in real time. Health agencies can then post
timely updates about the emergency, most recent findings, and
interventions on social media according to the dynamic changes
of these outcome metrics. Public health agencies can regain
trust from the public by not only helping the public better
understand the complex dynamics of the health emergency, but
also informing the public with evidence-based guidance and
recommendations more effectively.
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Figure 5. Time series of the daily number of Centers for Disease Control and Prevention (CDC) tweets and COVID-19 case counts. US: United States.

Limitations and Future Work
There are several limitations in this infoveillance study that
could be improved in future work. First, while we focused on
probabilistic-based LDA for topic modeling, there are other
alternative NLP approaches such as deep learning–based
bidirectional encoder representations from transformers (BERT).
Hence, we will explore BERT and other state-of-the-art NLP
techniques for content topic modeling and sentiment analysis
in the future. Second, given the complexity of this study, we
will incorporate subthemes to further help contextualize the
clusters in future work. Third, the CDC does not have the sole
power of controlling people’s responses and actions over time
(eg, getting tested and receiving full vaccine doses), even with
consistent effort on Twitter to educate the public and mitigate
the pandemic. There are other factors that could affect the
associations between the CDC’s messages and the COVID-19
measures:

1. Time lags: What is posted might not reflect real-time
situations, which can impact the association strength
between the posted measures and real-world metrics; thus,
we suggest aligning the content topics of health
communication with up-to-date epidemic outcome metrics.

2. Discrepancies in posting methods: The CDC simplifies the
data in their posts to make the information more
comprehensible for the audience, which might not align
with the detailed epidemic metrics posted from other
sources with different interpretations of the reported metrics.

3. Variability in the data source: The data open to the public
might come from sources and reporting standards that are
different from the CDC’s protocol, which could weaken
potential associations.

4. Audience: As a government health agency, the CDC
prioritizes certain data for social media to cater to the public
for relevancy. For example, posting daily epidemic
measures could lead to strong associations with COVID-19
metrics, but an association does not mean causality, and
we assume that the CDC does not generate their tweets with

the intention to improve associations of any kind and their
priority is to present a variety of reliable information to the
public.

5. Fatigue from information overload: Frequent data updates
on social media can lead to desensitization, making it less
likely for users to pay attention and react to the information
over time, for example, tweeting about daily epidemic
measures decreases the public’s attention over time.

6. Political and societal factors, for example, antivaccination
groups and conspiracy theories about the pandemic.

In addition, it is important for us to continue to examine the
validity of the underlying assumption that the CDC’s health
communication makes an impact during a pandemic. In this
infodemiology study, we focused on the national effects of these
tweets. Future studies should further examine geospatial factors
and other confounding factors to help understand whether and
how much the CDC’s tweets impact pandemic outcomes.

Lastly, public engagement (ie, retweets, likes, replies, etc) of
the CDC’s health communication is an important indicator of
the effectiveness of online health communication efforts. There
have been studies that analyzed public sentiments and attitudes
[31-34] toward various health-related topics. However, very
few studies have investigated the associations of public
sentiment shifts along disease-related metrics. In addition, public
sentiments and attitudes are heavily influenced by health
agencies’messages and should not be misled by misinformation.
Public opinions also influence health practices and interventions,
which have a significant impact on the actual epidemic outcomes
(eg, case, death, vaccination, etc). Thus, it is important to further
investigate the underlying association between public health
communication topics and actual epidemic measures. The
insights can help public health agencies develop better social
media strategies to address public concerns at different stages
of the emergency. Therefore, we suggest that examining the
dynamics and patterns of public responses to health agencies’
original communications can provide valuable insights on public
perceptions and attitudes around various issues during the
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pandemic, such as pharmaceutical interventions (eg, vaccination)
and nonpharmaceutical interventions. Detailed content analysis
can be applied to explicitly identify public concerns in response
to the CDC’s health communications. In addition, sentiment
analysis can be applied to extract public sentiments (ie, positive,
neutral, or negative) toward the CDC’s health communications,
and further help identify public attitudes and reactions to various
content topics that the CDC has communicated. Public attitudes
will ultimately determine individual health behavior and
decision-making, such as vaccination acceptance and compliance
with nonpharmaceutical interventions, which in turn drive the
overall epidemic dynamics. Therefore, it is critical to investigate
real-time public engagement, such as retweeting or replying on
social media, toward public health agencies’ communications
to better inform health agencies about prioritizing their
communications and addressing public concerns about specific
content topics.

Conclusions
This study investigated the dynamic associations between the
CDC’s detailed COVID-19 communication topics on Twitter
and epidemic metrics in the United States for almost 2 years
during the pandemic. Using LDA topic modeling, we were the
first to comprehensively identify and explore various
COVID-related topics tweeted by the federal public health
agency during the pandemic. We also collected daily COVID-19
epidemic metrics (confirmed case counts, death counts,

completed tests records, and fully vaccinated records) and
performed various multivariate time series analyses to unravel
the temporal patterns and associations with the CDC’s
COVID-19 communication patterns (ie, investigated the
dynamic associations between the time series of each topic
generated by the LDA model and the time series of each
epidemic metric). The results suggested that some topics were
strongly associated with certain COVID-19 epidemic metrics,
indicating that advanced social media analytics (eg, NLP) could
be a valuable tool for effective infoveillance. Based on our
findings, we recommend that the CDC, along with other public
health agencies, could further optimize their health
communications on social media platforms by posting contents
and topics that align with the temporal dynamics of key
epidemic metrics. While the CDC had been making efforts to
share information on social media platforms to educate the
public throughout the pandemic, the public responses to these
messages were relatively weak. It is important to further explore
the potential factors that played a role in the effectiveness of
the CDC’s social media performance in future studies. As such,
we suggest increasing online health communication on health
practices and interventions during high-level epidemic periods
with large numbers of cases and deaths. Our findings also
highlighted the importance of health communication on social
media platforms to better respond to and tackle future health
emergencies and issues.
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Abstract

Background: The COVID-19 pandemic prompted global behavioral restrictions, impacting public mental health. Sentiment
analysis, a tool for assessing individual and public emotions from text data, gained importance amid the pandemic. This study
focuses on Japan’s early public health interventions during COVID-19, utilizing sentiment analysis in infodemiology to gauge
public sentiment on social media regarding these interventions.

Objective: This study aims to investigate shifts in public emotions and sentiments before and after the first state of emergency
was declared in Japan. By analyzing both user-generated tweets and retweets, we aim to discern patterns in emotional responses
during this critical period.

Methods: We conducted a day-by-day analysis of Twitter (now known as X) data using 4,894,009 tweets containing the
keywords “corona,” “COVID-19,” and “new pneumonia” from March 23 to April 21, 2020, approximately 2 weeks before and
after the first declaration of a state of emergency in Japan. We also processed tweet data into vectors for each word, employing
the Fuzzy-C-Means (FCM) method, a type of cluster analysis, for the words in the sentiment dictionary. We set up 7 sentiment
clusters (negative: anger, sadness, surprise, disgust; neutral: anxiety; positive: trust and joy) and conducted sentiment analysis of
the tweet groups and retweet groups.

Results: The analysis revealed a mix of positive and negative sentiments, with “joy” significantly increasing in the retweet
group after the state of emergency declaration. Negative emotions, such as “worry” and “disgust,” were prevalent in both tweet
and retweet groups. Furthermore, the retweet group had a tendency to share more negative content compared to the tweet group.

Conclusions: This study conducted sentiment analysis of Japanese tweets and retweets to explore public sentiments during the
early stages of COVID-19 in Japan, spanning 2 weeks before and after the first state of emergency declaration. The analysis
revealed a mix of positive (joy) and negative (anxiety, disgust) emotions. Notably, joy increased in the retweet group after the
emergency declaration, but this group also tended to share more negative content than the tweet group. This study suggests that
the state of emergency heightened positive sentiments due to expectations for infection prevention measures, yet negative
information also gained traction. The findings propose the potential for further exploration through network analysis.

(JMIR Infodemiology 2024;4:e37881)   doi:10.2196/37881
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Introduction

Background
The COVID-19 outbreak that occurred in December 2019 in
Wuhan City, Hubei Province, China, spread rapidly in other
countries after January 2020. Lockdowns were implemented
primarily in Europe after March 2020 as infection prevention
measures. The use of lockdowns as a quarantine measure varied
from country to country; however, in the United States, the
United Kingdom, France, and other countries, strict measures
to regulate behavior were implemented, such as curfews and
total school closures, with penalties imposed for violations.

COVID-19 spread rapidly in Japan after the first infection was
confirmed on January 16, 2020, with incidents such as the mass
infection on the Diamond Princess cruise ship in early February

[1]. On April 7, the Japanese government declared a state of
emergency in 7 prefectures—Tokyo, Kanagawa, Saitama, Chiba,
Osaka, Hyogo, and Fukuoka—owing to the rapid spread of the
infection by mass infection in medical facilities and elsewhere
[2]. Although the restrictions imposed by the emergency
declaration (eg, requests to remain inside and limitations on
large-scale events) were less enforceable than those imposed
by the lockdown, they did result in a significant decrease in
travel rates throughout Japan. However, previous studies have
shown that such strong behavioral restrictions may have a
negative psychological impact on the public [3]. The emergency
declaration was extended to all prefectures, and the restrictions
imposed by the emergency declaration were subsequently lifted
on May 25. Table 1 summarizes the major developments in the
early stages of the COVID-19 outbreak in Japan in chronological
order.

Table 1. Japan’s response to the initial spread of COVID-19.

ReferencesEventsDate

[4]The first case of COVID-19 infection is confirmed in Kanagawa Prefecture, Japan.2020/1/16

[1]COVID-19 infection is confirmed in passengers on the Diamond Princess, a large cruise ship, returning to Hong Kong.2020/2/4

[5]The Japanese government requests the temporary closure of all elementary schools, junior high schools, and high
schools in Japan from March 2 to spring break.

2020/2/27

[6]The Japanese government declares the new coronavirus infection a historical emergency.2020/3/10

[7]The prime minister can now declare a “state of emergency.”2020/3/13

[8]The prime minister also orders the establishment of a government task force based on the act on special measures.2020/3/26

[9]The Japanese government declares a state of emergency. Seven prefectures (Tokyo, Kanagawa, Saitama, Chiba, Osaka,
Hyogo, and Fukuoka), including the Tokyo metropolitan area, are designated as target areas.

2020/4/7

[10]An emergency declaration is extended to cover all prefectures until May 6.2020/4/16

[9]A decision is made to extend the period of the state of emergency until May 31.2020/5/4

[9]The Japanese government decides to lift the state of emergency for 39 prefectures, excluding 8 prefectures on special
alert (Tokyo, Kanagawa, Saitama, Chiba, Hokkaido, Kyoto, Osaka, and Hyogo).

2020/5/14

[9]The Japanese government decides to the lift state of emergency for Kyoto, Osaka, and Hyogo.2020/5/21

[9]The Japanese government decides to lift the state of emergency for all prefectures.2020/5/25

Prior Work in Infodemiology
Following the spread of COVID-19, social networking services
(SNSs) were used to transmit information about the virus,
accelerating activity in the field of infodemiology, which utilizes
this data. Infodemiology is a relatively new research field that
combines health informatics and public health with data analysis.
It is a scientific discipline that studies the distribution of
information and its determinants in information media,
particularly the internet, to provide reliable information on
public health [11]. Infodemiology became widely known after
the World Health Organization (WHO) used the term at the first
WHO Infodemiology Conference in response to the spread of
COVID-19 and stated the need to promote research activities
in this field worldwide [12]. In a previous study, Su et al [13]
used sentimental analysis of text information from SNS data to
reflect public concerns and psychological changes in individuals,
providing information to promote public health. In particular,
a sentiment analysis of the Italian region of Lombardy, where
the lockdown was enforced, indicated that the number of SNS

users with feelings of “anxiety” decreased after the lockdown.
In addition, Heras-Pedrosa et al [14] observed through sentiment
analysis that “anxiety” and “anger” toward government policies
were the top feelings in Spain in the early stages of the infection.
Furthermore, in Japan, Niu et al [15] conducted a sentiment
analysis from SNS text data on the reasons for the delay in
COVID-19 vaccine uptake compared to other countries,
suggesting that concerns about side effects may have outweighed
the fear of infection in the initial vaccination process. Thus,
social media–based analysis reflects the psychological changes
in individuals and enables the provision of real-time information
to the government enacting public health policies and infection
prevention measures.

SNS Usage in Japan
The importance of social media has been increasing in Japan
as well, with social media being utilized in public health
countermeasures against recent pandemics. The usage rate of
SNSs in Japan is still on the rise, with the Ministry of Internal
Affairs and Communications’2020 Survey on Communications
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Usage Trends [16] showing that the percentage of people using
SNSs was 73.8%, an increase of 4.8% from the previous year.
It also points out that the growth is particularly large in the age
groups comprising people 19 years and below and 60 years and
above, indicating that the usage rate of SNSs by age group is
increasing for all generations. In terms of the purpose of use,
the second-highest percentage of respondents chose “to search
for information I want to know,” followed by “to communicate
with acquaintances,” suggesting that social media is used by all
generations in Japan as an important means of obtaining
information. However, while the research field of infodemiology
is being actively promoted, there are limited reports on
infodemiology in Japan, even though social media is used by a
wide range of generations.

Study Purpose
In this study, we investigated psychological changes in
individuals after the initial spread of COVID-19 in Japan and
public sentiment changes following state-of-emergency
declarations by conducting sentiment analysis using SNS data
in infodemiology.

Methods

Research Data
We extracted geocoded Twitter data using “Nazuki no Oto,” a
service provided by NTT Data Corporation [17]. The target
period was from midnight on March 23, 2020, 2 weeks before
the first declaration of a state of emergency in Japan, to April
21, 2020. We selected tweets containing the keywords “コロ
ナ(corona),” “COVID-19,” and “新型肺炎 (new pneumonia)”
by random sampling of 4,997,353 tweets. In addition, the data
used in this study include retweets, a function that allows users
to repost other users’ or their own tweets. Duplicate tweets were
removed from the Twitter data extracted for this study, and only
unique Twitter data were used.

Data Preprocessing
Before conducting the sentiment analysis on the extracted
Twitter data, we preprocessed the data. For preprocessing, we
deleted Twitter data that contained symbols that could not be
analyzed by morphological analysis, hashtags (eg, #COVID-19),
and URLs only. Consequently, a total of 4,965,100 tweets were
used as the target data for sentiment analysis.

Morphological Analysis
In contrast to structured and quantitative data, which can be
easily analyzed by a computer, qualitative text data, which are

often used in sentiment analysis, require processing to extract
the data objectively. Therefore, unstructured data are analyzed
to convert them from qualitative to quantitative data. However,
thus far, analyzing qualitative data in Japanese has been
considered a difficult task. One reason for this is that Japanese
grammar is more complex than English and other languages
[18]. However, with the recent development of natural language
processing, it is possible to separate sentences naturally and
convert them into quantitative data on a practical level by
preparing Japanese dictionary functions for Japanese text data.
Morphological analysis determines the smallest grammatically
meaningful unit that constitutes a sentence by demarcating the
boundaries of words and phrases in the text data. Following
decomposition, the part of speech and the type of conjugation
are determined by referring to a registered dictionary. In this
study, we used a morphological analyzer, MeCab (version 0.996;
Kyoto University).

The International Phonetic Alphabet (IPA) dictionary, integrated
within the Japanese morphological analysis system Chasen, is
widely used for performing morphological analysis in MeCab
[19]. However, conventional IPA dictionaries are limited in
their ability to support conventional Japanese words and phrases
and do not support neologisms and phrases unique to Japanese.
To solve this problem, a new system dictionary called
mecab-ipadic-NEologd was introduced [20]. This dictionary is
updated every Monday and Sunday and can be automatically
updated and registered from websites, such as news sites and
social media. Therefore, the dictionary can handle text data on
the web where unique expressions and new words are frequently
used. In this study, we registered mecab-ipadic-NEologd and
performed morphological analysis on text data from the SNS
Twitter because many unique expressions and new words are
used there.

Japanese Sentiment Dictionary
We utilized the Japanese Linguistic Inquiry and Word Count
(JIWC) dictionary (Nara Institute of Science and Technology)
for the sentiment analysis, employing cloud sourcing to access
the latest corpus. This Japanese emotional dictionary was used
for determining emotions in sentiment analysis, encompassing
7 categories: “anger,” “concern,” “disgust,” “sadness,”
“surprise,” “trust,” and “joy” [21]. Examples of words in the
Japanese emotion expression dictionary are shown in Table 2.
Among the emotions, “trust” and “joy” were selected as positive
emotions, and “anger,” “anxiety,” “disgust,” and “sadness” were
selected as negative emotions based on previous studies [22].
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Table 2. Examples of words included in the JIWCa dictionary.

Examples of wordsSentiment

怒った (angry), 怒り(rage), 悪い(bad), 嫌がらせ(harassment), イライラ(irritation), うるさい (noisy), ゴミ (garbage), 暴言(rant),
煽り (aggravation), 理不尽な (unreasonable), 騒音 (noise), 迷惑 (annoyance), 被害 (damage), 虐待(abuse), 裏切り (betrayal)

Anger

不安(anxious), 不安だ (worrying), 不安な(anxiety), 病 (illness), 症状(symptom), このまま (at this rate), この先 (from now on ),
考える (thinking)

Anxiety

嫌いな (dislike), 嫌がらせ (harass), 嫌な (disgust), うるさい (loud), テロ (terror), 犯罪 (crime), 犯人 (criminal), ひどい (terrible),
悪 (evil), 悪かった (bad), 批判 (criticize), 無い (no), 無し (none), 無視 (ignore), 嘘 (lie), 汚い (dirty)

Disgust

悲しい (sad), 悲観 (pessimistic), 悲愁 (melancholy), 哀感 (sorrowful), 哀傷 (piteous), 泣き (weeping), 泣き叫ぶ (wailing), 嘆き
(lamenting), 涙 (tears), 涙声 (tearful), 追悼 (mourning), 痛嘆 (painful), センチメンタル (sentimental)

Sad

いきなり (suddenly), サプライズ (surprise), びっくり (surprised), 偶然 (accidentally), 知った (learned), 知って (knew), 解散
(dissolved), 詐欺 (fraud), 発見 (discovered)

Surprise

仲間 (companion), 任せ (entrust), 依頼 (request), 信用 (trust), 頼り (rely), 頼んで (ask), 助け (help), 守って (protect), 親友 (friend),
親身に (friendly), 関係 (relationship), サポート (support), フォロー (follow)

Trust

遊び (play), 遊んで (playing), 楽しい (fun), 出かけた (went out), おいしい (delicious), 食事 (meal), できた (could), 会って (meet),
会話 (conversation), 笑い (laugh), 笑顔 (smile), 好きな (like)

Joy

aJIWC: Japanese Linguistic Inquiry and Word Count.

Data Clustering
The sentiment analysis conducted in this study involved
determining emotions in Twitter data by comparing the words
in the text with those found in the JIWC dictionary. However,
since the words after the morphological analysis were
unstructured data, it was not possible to perform numerical
calculations to assess their similarity to the words in the
dictionary. To address this issue, we used Word2Vec processing
to vectorize the text data for both Twitter data and the Japanese
emotional dictionary.

Word2Vec is a model proposed by Mikolov et al [23,24] that
represents word meanings using low-dimensional vectors,
enabling semantic calculations in natural language processing.
When vectorizing a large amount of text data, as in this study,
individually vectorizing each word can result in an enormous
number of dimensions, making it impractical in terms of
computation time. Therefore, Word2Vec enables the
vectorization of large text data through an inference-based
approach using neural networks. Inference-based methods
involve making predictions about what goes into a word when
given its context (the surrounding words in a sentence). For
example, when given the sentence “You ??? goodbye, and I say
hello,” we can easily infer that the missing word is “say.” In
this case, the context for “???” consists of 2 words: “you” and
“goodbye.” The challenge is to infer what fits into that word
based on the surrounding context, and thus learn word
occurrence patterns. This approach is based on the distributional
hypothesis, which suggests that word meanings are formed by
the context of the surrounding words rather than inherent in the
words themselves. Word2Vec includes 2 models, namely, the
continuous bag-of-words (CBOW) model and the skip-gram
model, to solve this inference issue. Generally, the skip-gram
model is considered to have higher model accuracy after
training, but it incurs higher computational costs since it needs
to calculate losses for each context. This study’s text data
comprises millions of individual pieces, and due to the added
morphological analysis, a higher number of words per sentence
was anticipated. Therefore, we anticipated that the computational

cost for predictions would become immense. As a result, we
employed the CBOW model for word embedding processing.
After the data collected from Twitter and the terms registered
from each Japanese sentiment dictionary were vectorized,
Fuzzy-C-Means (FCM) was used to cluster each of the 7
sentiments.

The FCM method is a nonhierarchical soft clustering technique
based on fuzzy logic theory. Fuzzy logic theory, originating
from the concept of fuzzy sets proposed by LA Zadeh in 1965,
provides a framework for quantitatively handling uncertainty
and ambiguity in human subjective thinking and
decision-making. FCM is a soft clustering method that applies
fuzzy logic theory to cluster data [25]. In traditional hard
clustering, data are assigned to clusters by being represented as
either belonging (1) or not belonging (0) to a specific cluster.
In contrast, because FCM is a soft clustering method, it allows
data to partially belong to multiple clusters, such as 0.8
belonging to one cluster and 0.2 belonging to another. FCM
clustering is carried out using the following algorithm. The
membership values, representing the degree to which data points
belong to different clusters, are considered:

In this case, the following conditions are satisfied:

The matrix U, denoted as [u_it], represents an n×c matrix with
the membership value u_it as an element. Meanwhile, the matrix
V, represented as [v_t], is an n×c matrix with cluster center v_t
as an element.

Bezdek proposed the following formula for the FCM model
that minimizes the objective function by the weighted sum of
the Euclidean squared distances between each data and the
center of each cluster under the condition of (1) [26]:
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Here, m is a fuzzy coefficient parameter (m>1) that adjusts the
strength of ambiguity. When m=1, the FCM model corresponds
to the hard clustering k-means model. In this case, the objective
function J(U, V) is linearized with respect to u_it, eliminating
soft clustering. FCM clustering is carried out through the
following steps. First, given a data set {x_1,  , x_n}, we
determine the number of clusters t (2 ≤ t ≤ c) and the parameter
m ∈ (1, ∞). Next, we initialize the membership values u_it with
U^(0) = {u_it^0} randomly. We provide a sufficiently small
positive number ε to determine the termination of the loop.
Second, we use the current membership values u_it to calculate
the cluster centers v_t^p using the following formula:

Third, we update the membership values from u_it^p to
u_it^(p+1) using the following formula:

Finally, if ‖u_it^(p+1) - u_it^p‖ < ε holds for all i and t, we
terminate the loop. Otherwise, we increment p by 1 and return

to the second step. Once the loop terminates, we obtain the
center points for each cluster and the membership values for
each sample data, completing the clustering process. In this
study, FCM was used on text data to reduce the number of words
included in an emotion dictionary and construct the emotion
dictionary, allowing for more accurate sentiment analysis of
the text data due to the influence of a single word on multiple
emotions. Both tweets and retweets of Twitter data were used,
and quoted retweets, which are retweets of others’ posts with
additional comments, were also included.

After vectorization using Word2Vec and clustering using the
FCM method, the distance between the vector coordinates of
each tweet and the center-of-gravity vector of each written
sentiment was calculated. Next, the value with the shortest
vector distance was determined as the sentiment of that tweet.
The entire sentiment analysis in this study was performed using
the Python programming language (version 3.9.4). A path
diagram of the overall sentiment analysis is shown in Figure 1,
and a summary diagram of the sentiment determination method
is shown in Figure 2.

Figure 1. Sentiment analysis flowchart.
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Figure 2. Diagram of the sentiment determination method. FCM: Fuzzy-C-Means; JIWC: Japanese Linguistic Inquiry and Word Count.

Examining Sentiment Changes Before and After the
State of Emergency Declaration
The Twitter data were categorized into 2 groups: the tweet group
and the retweet group. The study period was divided into “before
the declaration of a state of emergency,” which ranged from
midnight on March 23, 2020, until PM 11:59:59 on April 6,
2020, and “after the declaration of a state of emergency,” which
ranged from midnight on April 7, 2020, to PM 11:59:59 until
April 21, 2020. We calculated the proportion of emotions before
and after the declaration of a state of emergency in both the
tweet and retweet groups. The sentiment analysis results were
validated using 2 methods. The first method involved comparing
emotions using a between-group comparison of 7 emotions over
approximately 2 weeks before and after the declaration of a
state of emergency. This comparison was based on daily average
values for each emotion. The second method involved dividing
the data into two groups: (1) the tweet group, consisting of posts
made by the users themselves, and (2) the retweet group,
consisting of posts shared for the purpose of dissemination.
Sentiment analysis results were aggregated daily, classifying
the data as either positive (“trust” and “joy”) or negative
(“anger,” “concern,” “disgust,” and “sadness”) and then
comparing the tweet and retweet groups. Both methods

conducted a median difference examination using the
Mann-Whitney U test, with statistical significance set at P<.05,
utilizing the statistical software JMP (version 16.0; SAS).

Ethical Considerations
This study was conducted while adhering to strict ethical
considerations and did not require ethics approval. To avoid
identification of personal information, the Twitter data used
were limited to the type of post (tweet or retweet), text, and the
date and time of the post for data analysis. The data used did
not contain any personally identifiable information. In addition,
efforts were made to ensure transparency throughout the design
and conduct of this study.

Results

Research Data
We were able to judge sentiment through the sentiment analysis
in 4,884,297 (97.74%) cases out of a total of 4,997,353 cases.
In addition, the number of tweets was 1,374,025 (28.13%), and
the number of retweets was 3,510,272 (71.87%). The number
of tweets and retweets per day is shown in Table 3, and the daily
trends for the data from March 23, 2020, to April 21, 2020, are
shown in Multimedia Appendix 1.
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Table 3. Daily tweet and retweet counts.

Retweets (n=3,510,272), n (%)Tweets (n=1,374,025), n (%)Date

13,643 (0.39)4666 (0.34)2020/3/23

71,040 (2.02)25,067 (1.82)2020/3/24

87,476 (2.49)33,759 (2.46)2020/3/25

115,842 (3.30)41,944 (3.05)2020/3/26

103,798 (2.96)39,433 (2.87)2020/3/27

106,915 (3.05)37,160 (2.70)2020/3/28

108,868 (3.10)37,804 (2.75)2020/3/29

209,297 (5.96)74,353 (5.41)2020/3/30

144,594 (4.12)51,765 (3.77)2020/3/31

121,864 (3.47)48,902 (3.56)2020/4/1

119,259 (3.40)48,127 (3.50)2020/4/2

123,835 (3.53)52,918 (3.85)2020/4/3

113,346 (3.23)48,470 (3.53)2020/4/4

115,172 (3.28)54,358 (3.96)2020/4/5

175,918 (5.01)75,831 (5.52)2020/4/6

195,158 (5.56)76,184 (5.54)2020/4/7

179,707 (5.12)60,645 (4.41)2020/4/8

156,760 (4.47)55,231 (4.02)2020/4/9

134,393 (3.83)51,078 (3.72)2020/4/10

111,213 (3.17)44,901 (3.27)2020/4/11

96,575 (2.75)42,403 (3.09)2020/4/12

107,539 (3.06)42,117 (3.07)2020/4/13

105,344 (3)42,800 (3.11)2020/4/14

118,456 (3.37)44,185 (3.22)2020/4/15

122,458 (3.49)48,618 (3.54)2020/4/16

132,009 (3.76)44,494 (3.24)2020/4/17

111,351 (3.17)38,270 (2.79)2020/4/18

110,308 (3.14)38,872 (2.83)2020/4/19

116,187 (3.31)39,611 (2.88)2020/4/20

78,522 (2.24)30,059 (2.19)2020/4/21

Percentage of Emotions in the Sentiment Analysis
The results of the sentiment analysis on the tweet and retweet
groups for the period between midnight on March 23, 2020, to
23:59:59 on April 6, 2020 (before the declaration of the state
of emergency) are shown in Figure 3. The results for the period
between midnight on April 7, 2020, and 23:59:59 on April 21,
2020 (after the declaration of the state of emergency) are shown

in Figure 4. In the tweet group, the positive emotion “joy” was
highest both before and after the state of emergency declaration
at 40.5% (n=272,879) and 31% (n=217,074), respectively, while
in the retweet group, the negative sentiment of “worry” was
34% (n=587,540), and “disgust” was 18.6% (n=322,462) during
the period before the state of emergency declaration. These
percentages were higher than those for the other emotions.
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Figure 3. Sentiment analysis value ratio in the tweet group.

Figure 4. Sentiment analysis value ratio in the retweet group.

Changes in Sentiment Before and After the Declaration
of a State of Emergency
Table 4 shows the results of the sentiment analysis yielding the
proportions of the 7 emotion types before and after the
declaration of the state of emergency. The Mann-Whitney U
test comparison of differences in median values revealed that
the sentiment of joy significantly increased in the retweet group
(P<0.05). However, no significant differences were observed
for the other emotions.

Table 5 and Figure 5 show the results of testing the change of
positive and negative content between the tweet group and
retweet groups. In the 2 weeks before and after the emergency
declaration, the retweet group tended to post more negative
content than the tweet group (before r=0.29, P=.02; after
r=.0.40, P=.002). However, there was no difference between
the tweet and retweet groups in the percentage of positive
responses.
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Table 4. Sentiment changes before and after the state of emergency declarationa.

P valueAfter (n=15)Before (n=15)Sentiments

SDMedianSDMedian

.800.0820.0240.0610.042Anger tweet

.840.0350.0630.0510.042Anger retweet

.900.1350.0500.0780.063Anxiety tweet

.250.0520.0540.3070.210Anxiety retweet

.590.0200.0210.2930.023Disgust tweet

.430.1000.1270.1360.073Disgust retweet

.510.0250.0350.0250.041Sadness tweet

.280.0250.0550.0450.041Sadness retweet

.160.0220.0160.0900.038Surprise tweet

.930.1040.0350.0230.051Surprise retweet

.320.0560.0380.0330.035Trust tweet

.800.0500.0610.0320.059Trust retweet

.620.1910.2810.2580.390Joy tweet

.040.0970.1910.0570.041Joy retweet

aBefore refers to the period from midnight on March 23, 2020, until 11:59:59 PM on April 6, 2020, while after refers to the period from midnight on
April 7, 2020, until 11:59:59 PM on April 21, 2020.

Table 5. Comparison results of positive and negative changes between the tweet and retweet groups.

P valueRetweetTweetSentiment

SDMedianSDMedian

Positive (n=30)

.220.1740.0540.2860.089Before

.340.1230.1080.2900.099After

Negative (n=60)

.020.2360.0660.1610.040Before

.0020.1730.0630.2020.038After
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Figure 5. Graphs displaying the results from a comparative study illustrating changes in positive and negative sentiments between the tweet and retweet
groups. RT: retweet.

Discussion

Principal Findings
The Japanese language sentiment analysis conducted during
this study’s target period, both before and after the declaration
of the state of emergency, revealed that “joy,” associated with
a “positive” sentiment, accounted for high proportions within
the tweet group at 40.5% (n=272,879) before and 31%
(n=217,074) after. On the other hand, “anxiety” and “disgust,”
which express “negative” feelings, accounted for high
percentages in both the tweet and retweet groups, especially in
the retweet group, where “anxiety” accounted for 34%
(n=587,540) and “disgust” accounted for 18.6% (n=322,464)
of the total retweets before the state of emergency was declared.
The self-restraint approach regulating behavior during the
declaration of a state of emergency in Japan allowed movement
across prefectures. This may have been a contributing factor to
the widespread negative posts related to movements from the
target area. This surge in negative sentiment was countered by
a simultaneous rise in positive emotions, attributed to the
anticipation of infection prevention following the state of
emergency declaration. During the early stages of the COVID-19
spread in other countries, a previous study on English-speaking
users indicated elevated levels of positive emotions linked to
anticipations for potential policies [22]. A generally similar
emotional response was apparent among the public in other

countries. In the early stages of the spread of infection, when
no vaccine or other countermeasures had been implemented,
feelings of anxiety may have been expressed on social media,
as well as expectations for strong countermeasures, such as
behavioral restrictions. In contrast, the results of the sentiment
analysis of English-language tweets corresponding to the same
period showed that negative and positive emotions accounted
for approximately the same proportions by late March, the end
of the period covered in this study. Notably, the negative
emotion “fear” occupied a higher percentage than other emotions
around January and February [27]. In China and European
countries, the first cases of infection were confirmed earlier
than in Japan (where the initial expansion of the outbreak
occurred in late March). Thus, the earlier spread of infection in
those nations may have a significant impact on the sentiment
analysis.

Comparative Study Between the Tweet and Retweet
Groups
When comparing the tweet and retweet groups, the retweet
group tended to post more negative sentiments. In this regard,
a previous study revealed that in the early stage of the
COVID-19 outbreak among English-speaking users, many
tweets had a positive sentiment, while many retweets had a
negative sentiment [28]. It is clear that much of the information
users wished to disseminate was negative in nature. As for the
difference between groups in this study, there is a research report
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that focuses on virality, one of the characteristics of sentiment
analysis using social media [29] Virality is an explosive spread
of attention and information through social media and
word-of-mouth on the internet. Virality is derived from
“viral”—as in a virus. Previous research indicates that negative
posts increase virality, while positive posts decrease virality.
Therefore, for topics that attract substantial public attention,
such as COVID-19, the topic of this study, there is a tendency
to spread negative content in retweets, consequently increasing
virality. This suggests a noteworthy contrast between the tweet
and retweet groups.

Limitations
There are a few key limitations of this study. First, the social
media platform Twitter, which was used for the sentiment
analysis in this study, had an age bias. According to a survey
conducted by the Ministry of Internal Affairs and
Communications in 2020, the Twitter usage rate is highest
among teenagers (67.6%) and twentysomethings (79.8%) [30].

Additionally, data from the Ministry of Internal Affairs and
Communications indicate that the usage rate declines with
increasing age, especially among individuals aged 40 years and
older. This suggests that the younger generation is the
predominant user of Twitter as a whole. This suggests that the
younger generation predominantly constitutes the main users
of Twitter overall. Therefore, the results of the sentiment
analysis in this study are not necessarily representative of the
entire nation. In addition, the Twitter data used in this study
were limited to Japanese-language content. We did not use
location-based information or conduct analyses based on
geographical data. As such, this data may originate from
disproportionate samples depending on the prefecture. During
Japan’s initial state of emergency declaration in 2020, the target
areas comprised 7 prefectures: Tokyo, Kanagawa, Chiba,
Saitama, Osaka, Kobe, and Fukuoka. Subsequently, on April
16, 2020, the target area was expanded to the entire country [9].
Throughout the study period covered, only some of the target
areas were declared as emergency areas; therefore, emotional
variations in Twitter usage may exist depending on the location
of the users.

Second, the sentiment analysis categorized each tweet into one
of 7 predefined sentiment types, limiting its ability to capture
multiple sentiments, such as “anger” and “surprise,” within a
single tweet or account for cases where the selected sentiments
might not apply.

The Twitter data utilized in this study underwent random
sampling for both tweets and retweets. Twitter incorporates a
function known as “bot,” which automatically generates tweets
in response to specified times and keywords. Numerous
accounts, commonly referred to as “bot accounts,” are
responsible for automatic posting. Shi et al [31] conducted a
sentiment analysis on Twitter focusing on the #coronavirus

hashtag from January 2020 to March 2020, including human
and bot-generated tweets. Their findings revealed that bot-posted
tweets had more negative sentiments compared to those posted
by humans concerning the topic of COVID-19. This suggests
that the bot feature intentionally promotes negative public
opinion and sentiment. Consequently, it is plausible that the
inclusion of a substantial amount of data posted by bot accounts
in this study may have influenced the results of the sentiment
analysis. Unfortunately, we were unable to preprocess the data
to account for this aspect. For our future research, we anticipate
that carrying out a network analysis using the results of this
study will provide a deeper understanding of the specific
subjects that capture public interest. In terms of social network
analysis, Seungil [32] investigated how Twitter users in the
United States accessed COVID-19–related information based
on their posted data. The investigation revealed that during the
initial outbreak period, users expressed significant concerns
about the number of infections Additionally, the study
highlighted that users were more likely to obtain COVID-19
information from news channel accounts and the official
accounts of the president. Sakun et al [22] conducted a network
analysis to uncover topics associated with different emotions
based on the results of a sentiment analysis using Twitter text
data They found that words like “pneumonia,” “influenza,”
“infectious disease,” and “quarantine” were frequently linked
to the emotion of “fear.” In addition, words like “pandemic,”
“disease,” and “hospital” were associated with the emotion
“sadness.” These results suggest that Twitter data can be used
to understand the public’s awareness of and emotions toward
pandemics, providing valuable insights for governmental
responses. Hence, the results of the sentiment analysis should
be used for further exploration in infodemiology, specifically
by conducting a network analysis focusing on the topics
associated with each sentiment identified in this study.

Conclusions
In this study, we conducted a sentiment analysis using Japanese
tweet and retweet text data spanning approximately 2 weeks
before and after the first state of emergency declaration in Japan
to assess public sentiments toward the initial spread of
COVID-19. We observed a combination of positive sentiments
(“joy”) and negative sentiments (“anxiety” and “disgust”) during
the target period. The results of the Mann-Whitney U test
indicated that feelings of joy significantly increased in the
retweet group before and after the state of emergency
declaration. However, there was a significant tendency for the
retweet group to post more negative content compared to the
tweet group. After the first state of emergency declaration, the
anticipation regarding infection prevention measures due to this
declaration contributed to an increase in positive sentiments.
Moreover, it appears that information, including negative
content, was more likely to be disseminated on the topic of
COVID-19. Based on the results of this study, we believe that
further development through network analysis is possible.
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Abstract

Background: Lupus erythematosus (LE) is an autoimmune condition that is associated with significant detriments to quality
of life and daily functioning. TikTok, a popular social networking platform for sharing short videos, provides a unique opportunity
to understand experiences with LE within a nonclinical sample, a population that is understudied in LE research. This is the first
qualitative study that explores LE experiences using the TikTok platform.

Objective: This study aims to evaluate the disease-related experiences of TikTok users with LE using qualitative and content
analysis.

Methods: TikTok videos were included if the hashtags included #lupus, were downloadable, were in English, and involved the
personal experience of an individual with LE. A codebook was developed using a standardized inductive approach of iterative
coding until saturation was reached. NVivo (Lumivero), a qualitative analysis software platform, was used to code videos and
perform content analysis. Inductive thematic analysis was used to derive themes from the data.

Results: A total of 153 TikTok videos met the inclusion criteria. The most common codes were experiences with symptoms
(106/153, 69.3%), mucocutaneous symptoms (61/153, 39.9%), and experiences with treatment (59/153, 38.6%). Experiences with
symptoms and mucocutaneous symptoms had the greatest cumulative views (25,381,074 and 14,879,109 views, respectively).
Five thematic conclusions were derived from the data: (1) mucocutaneous symptoms had profound effects on the mental health
and body image of TikTok users with LE; (2) TikTok users’ negative experiences with health care workers were often derived
from diagnostic delays and perceptions of “medical gaslighting”; (3) TikTok users tended to portray pharmacologic and
nonpharmacologic interventions, such as diet and naturopathic remedies, positively, whereas pharmacologic treatments were
portrayed negatively or referred to as “chemotherapy”; (4) LE symptoms, particularly musculoskeletal symptoms and fatigue,
interfered with users’daily functioning; and (5) although TikTok users frequently had strong support systems, feelings of isolation
were often attributed to battling an “invisible illness.”

Conclusions: This study demonstrates that social media can provide important, clinically relevant information for health
practitioners caring for patients with chronic conditions such as LE. As mucocutaneous symptoms were the predominant drivers
of distress in our sample, the treatment of hair loss and rash is vital in this population. However, pharmacologic therapies were
often depicted negatively, reinforcing the significance of discussions on the safety and effectiveness of these treatments. In
addition, while TikTok users demonstrated robust support systems, feelings of having an “invisible illness” and “medical
gaslighting” dominated negative interactions with others. This underscores the importance of providing validation in clinical
interactions.

(JMIR Infodemiology 2024;4:e51211)   doi:10.2196/51211
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Introduction

Background
The term lupus erythematosus (LE) encompasses a group of
autoimmune disorders that may have multiorgan involvement,
as in systemic LE (SLE), which affects >3.4 million individuals
worldwide, or have primarily cutaneous manifestations, as in
discoid LE [1,2]. Patients with LE frequently experience
detriments to quality of life and daily functioning [3,4]. Because
of this, a number of qualitative studies were conducted over the
last decade that attempted to better understand patient
experiences with LE [5]. However, the large majority of these
studies recruited participants from clinical settings; thus, clear
gaps persist in understanding how experiences with LE can be
improved in individuals outside the health care system [3,5].

Social media is underused in the qualitative research of
individuals with LE. To our knowledge, only 2 thematic analyses
have been conducted using LE-related content on social media
forums, including an analysis of comments on an LE Facebook
group and an analysis of LE-related Twitter (since rebranded
as X) posts [6,7]. Qualitative research using social media is
important because it captures individuals who are understudied
in typical qualitative research because social media users
represent a nonclinical sample and thus may have varied
experiences with, and accessibility to, health care [8]. In
addition, with estimates suggesting that 40% to 45% of
individuals use social media to make medical decisions, it is
clinically prudent to determine how diseases such as LE are
being portrayed to patients seeking information about their
condition [9-11].

TikTok (ByteDance) is an extremely popular social media
platform, with >1 billion monthly users [11]. TikTok users post
short—often <1 minute—videos and can add filters, music, and
captions to their content within the app. TikTok videos provide
an untapped, novel, and abundant source of patient experiences
to examine; nevertheless, they have yet to be used in thematic
analysis within the fields of dermatology or rheumatology. In
fact, #lupus has 1.3 billion cumulative views on TikTok alone,
indicating the popularity and prevalence of the topic on the app
[12]. Furthermore, because TikTok is the fastest growing social
media platform worldwide, it is imperative to study it because
it is a rapidly expanding source of health information for patients
seeking knowledge on the web [9,11].

Objectives
In this study, we used content analysis and thematic analysis to
examine TikTok videos involving personal experiences with
LE. By doing so, we hope to gain a better understanding of the
disease-related experiences of TikTok users who have LE.

Methods

Data Collection
A new TikTok account was created for data collection to avoid
TikTok algorithms that prioritize videos based on prior user
activity [13,14]. The account was used to search for #lupus on
the TikTok app on August 21, 2022; the app then displayed the

most popular videos tagged with #lupus [13]. The links,
captions, usernames, likes, comments, views, and shares were
extracted from each video identified through this search. Videos
were then evaluated for inclusion and exclusion criteria. Videos
were included if they were downloadable, were in English, and
involved the personal opinions or experiences of an individual
with LE. They were excluded if they did not relate to LE or
were primarily about a condition other than LE.

Codebook Development
A codebook was developed using a standardized inductive
approach of iterative coding [13,15]. Study team members coded
sets of 20 TikTok videos determined through random selection.
After independently coding each set, the study team members
met to reach consensus on the codes used for each video. Next,
they collaboratively assigned labels, definitions, exclusions,
and examples to new codes for the purpose of developing a
preliminary codebook [15]. This process was repeated until
saturation was reached, that is, no new major codes were created
or adjusted, and the codebook could be finalized (refer to
Multimedia Appendix 1 for the finalized codebook) [15].

Data Analysis
NVivo 2020 (Lumivero), a qualitative analysis software
platform, was used for coding and analysis. Videos were
imported into the NVivo software and transcribed. Line-by-line
coding of each video’s transcript and caption was accomplished
within NVivo using the finalized codebook. For the quantitative
content analysis aspect of this study, the prevalence and
frequency of overlap of individual codes was obtained through
NVivo. For the top codes, median views and median views per
day were calculated. For the qualitative analysis aspect of this
study, the study team members met to discuss the most
predominant and rich codes, and they used inductive thematic
analysis to derive major themes from the data [16].

Ethical Considerations
This research was determined by the University of Minnesota
Institutional Review Board in July 2022 as not constituting
human subjects research. Included videos had to be
downloadable because this was seen as an indication that the
user intended their content to be used and shared by others [13].
All identifying data, including usernames, were removed from
the data before dissemination. The study team consulted with
the University of Minnesota Medical School Office of Diversity,
Equity, & Inclusion and elected not to document user
demographics from individual videos because doing so would
involve the assumption of identity through appearance on video,
and objective demographic information of individual TikTok
users is not publicly available.

Results

Overview
A total of 398 TikTok videos were identified through the #lupus
search and underwent inclusion and exclusion criteria, after
which 153 (38.4%) videos posted between December 19, 2019,
and August 21, 2022, were included for analysis. Cumulatively,
the videos had 29,446,765 views, with a median of 37,200 (IQR
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146,936; range 163-2,300,000) views per video. A total of 76
distinct TikTok users were represented in the sample. Users
were primarily female presenting. Of the 76 users, 3 (4%)
contributed 35.9% (55/153) of the videos; the top user
contributed 15.7% (24/153) of the videos, followed by a user
with 11.8% (18/153) and a user with 8.5% (13/153). The most
common codes were experiences with symptoms (107/153,
69.9%), mucocutaneous symptoms (62/153, 40.5%), and

experiences with treatment (58/153, 37.9%). Experiences with
symptoms and mucocutaneous symptoms had the greatest number
of cumulative views (24,426,874 and 14,082,409 views,
respectively; Table 1).

Five major thematic conclusions were derived from the data
and are explored in the subsections that follow. Sample quotes
for each theme can be found in Textbox 1.

Table 1. Top codes and their popularity metrics.

Views/d, median (IQR; range)Views, median (IQR; range)Cumulative
views

Videos coded (n=153), n
(%)

Codes

582 (3732.5; 2-250,000)37,300 (201,100; 234-2,300,000)25,381,074107 (69.9)Experiences with symptoms

699 (4507.3; 14-188,889)54,700 (280,700; 474-2,300,000)14,879,10962 (40.5)Mucocutaneous symptoms

1042 (6152.9; 1-188,889)34,950 (170,334; 163-2,300,000)11,744,22358 (37.9)Treatment experience

582 (2315.8; 1-127,778)32,000 (123,322.5; 163-2,300,000)8,546,11345 (29.4)Health care experience

509 (4037.8; 3-250,000)31,100 (147,063; 234-2,300,000)9,993,59343 (28.1)Constitutional symptoms

1748 (3391.5; 2-127,778)32,150 (133,700; 234-2,300,000)7,703,07142 (27.5)Mental health

691 (4269.1; 3-250,000)31,100 (158,033; 234-2,300,000)9,835,54841 (26.8)Fatigue

733 (4526.5; 16-188,889)75,550 (311,900; 474-1,700,000)10,240,94340 (26.1)Hair loss

691 (4564.0; 14-188,889)43,800 (283,300; 474-1,700,000)8,767,46639 (25.5)Rash

545 (1263.6; 16-250,000)33,800 (57,683; 474-1,500,000)4,548,18735 (22.9)Humor

165 (3627.2; 2-51,438)23,100 (83,400; 338-2,100,000)5,654,75035 (22.9)Musculoskeletal symptoms
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Textbox 1. Summary of major themes with sample quotes, which have all been taken directly from users’ spoken words, written captions, or written
subtitles.

Themes and TikTok user quotes

• Mucocutaneous symptoms had profound effects on the mental health and body image of TikTok users with lupus erythematosus.

• “In 2019, I had a full head of hair. Life can change in a blink of an eye. I was diagnosed with lupus in 2020. My hair was dropping like
crazy. There was nothing I could do...[it was] painful and depressing. My scalp was filled with so many scabs. I couldn’t even touch my
head. [I] kept saying to myself ‘this can’t be it.’” [User 67]

•
“I had to cut my hair because of lupus ( ). I’ve been growing it for 7 and 1/2 years ( ). My hair started thinning out at the top because

of the lupus ( ). So I knew soon I would have to cut it...I just found out I had lupus 4 months ago ( ). But at the end of the day ( ),

my health is more important than my hair and the only way I could get it to grow back right is if I cut it ( ). This really broke my heart

( ) but I’m still handsome [17] ( )”. [User 18]

• TikTok users’ negative experiences with health care workers were often derived from diagnostic delays and perceptions of “medical gaslighting.”

• “Things doctors told me before I got diagnosed with lupus. Take some vitamins. Go outside more. You’re just stressed, take these
antidepressants. It’s growing pains (I was 18). Have you tried yoga?” [User 33]

• “How doctors would gaslight me until I was finally diagnosed:

[User portraying self] My body is aching so bad. I have really swollen lymph nodes and am losing weight fast.

[User portraying physician] Swollen lymph nodes are common. Maybe you’re losing weight because you’re depressed.

[User portraying self] I am so dizzy and have no energy. I am bruising everywhere and am always sick. Please, listen to me. I’m not making this up.
Something is not right.

[User portraying physician] Are you exercising enough? You’re too young to have something serious going on.

[User providing commentary] This was my experience for almost 3 years. Begging doctors to take me seriously. It traumatized me. You are your
biggest advocate.” [User 34]

• TikTok users tended to portray nonpharmacologic interventions, such as diet and naturopathic remedies, positively, whereas pharmacologic
treatments were more commonly portrayed negatively or referred to as “chemotherapy.”

• “I did my part by reporting new symptoms to my rheumatologist and neurologist, which of course was downplayed. Five months later, I
lost my mobility and couldn’t do much for myself. I thought that I’d never bounce back. I researched natural practices/herbs and started a
personal healing journey. I’ve regained my mobility and much more within a few months.” [User 28]

• “Nightshade vegetables will cause you extreme pain in the long run if you’re someone who is dealing with autoimmune disease. I have
lupus, but I put lupus in remission as quick as it came out of remission. So, my suggestion to you, unbeknownst to most people, stop eating
nightshade vegetables. If you’ve got a garden, stop growing them. You’d be surprised, you could cure lupus immediately, just stop it.” [User
21]

• “Today is one full week on chemo. I don’t want to keep doing this. [User 34]

• “Sometimes you need things like chemotherapy...which sounds crazy, but [lupus] is that serious.” [User 8]

• [User portraying physician] Doctor: I’m sorry, but in order to control your flare we need to start steroids.

[User portraying self] My face: [user uses a special effect that causes their face to blow up to 3 times its size and resemble the front of a train. Audio
of a train horn plays in the background.]

[Caption] All aboard the moon face express ( ) [17]”. [User 7]

• Lupus erythematosus symptoms, particularly musculoskeletal symptoms and fatigue, interfered with users’ daily functioning.

• “I was diagnosed with lupus almost four years ago. And lupus took a lot from me...lupus stole my social life. It took my freedom, it destroys
my energy, it took my job. Do you know what it’s like to be told you can’t work? I’ve had to adjust to a new normal. This sucks but I can’t
let it win. That’s why I can assure you I will not give up. I’ve come so far, I can’t let it win.” [User 16]

• “A lot of days, my body hurts so badly that I don’t possibly know how to get out of bed or survive for the next few hours.” [User 70]

• Although TikTok users frequently had strong support systems, feelings of isolation or misunderstanding were often attributed to battling an
“invisible illness.”

• “A true story about finding an *amazing* friend that actually gets it. She...is 100% understanding when I have to flake last minute because
I don’t feel well. No guilt. A rare gem indeed.” [User 43]

•
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“[Footage plays of user getting their nails painted by their husband] I have lupus. My husband helps me through the ups and downs of
this...He doesn’t care about doing things for me. Swollen ankles, messed up toes, and constant pain. This is where we’re at in life. 19 years
together.” [User 71]

• “*Getting through life with lupus* Professors: Not understanding what I need. Most friends: Thinking I’m fine and insulting me unintentionally.
Family: Making me feel like I’m doing it alone.” [User 12]

Theme 1: Mucocutaneous Symptoms Had Profound
Effects on the Mental Health and Body Image of
TikTok Users With LE
Mucocutaneous symptoms, defined as hair loss, rash,
photosensitivity, ulcers, itch, or sicca symptoms, were the most
frequently mentioned symptoms of LE in our sample; 40.5%
(62/153) of the videos referred to a mucocutaneous
manifestation of LE. Hair loss and rash were the most common
and were each coded in approximately one-quarter of the videos
(40/153, 26.1% and 39/153, 22.5%, respectively).

Mucocutaneous symptoms were highly distressing to users,
affecting both body image and mental well-being. Of the 153
videos, 24 (15.7%) involved a user exhibiting negative body
image, of which 79% (n=19) were related to hair loss, 46%
(n=11) were related to rash, and 92% (n=22) were related to
either hair loss or rash. Furthermore, hair loss was the second
most common code to overlap with mental health; nearly
one-fifth (29/153, 19%) of the mental health codes directly
overlapped with hair loss codes.

Distress and body image concerns were apparent within TikTok
videos that mentioned mucocutaneous symptoms. Users felt
that their hair and skin changes led to a loss of identity:

Going through losing all my hair was really hard for
me. Like, I didn’t realize how much of my self-worth
I attached to my hair...I felt like I was losing a piece
of myself...I felt so sad all the time. And it was so hard
for me to just go outside because I felt so, you know,
insecure. [User 27]

Although hair loss and rash had significant impacts on users’
well-being and body image, these effects appeared to be
mitigated by cosmetic measures and pharmacologic and
nonpharmacologic treatments. Of the 24 videos, 13 (54%)
involved users cosmetically modifying their hair with sew-ins,
wigs, hair dye, hairstyles, haircuts, or scarves to hide hair loss
or improve confidence. A user stated as follows:

In 2016 I lost my hair...this was before the shaved
head hype. Back then my hair was my identity...I knew
I needed to cover it up because I had to go into work,
so I did a few scarf tutorials and ended up like this.
I mean, I think it looks pretty dope. [User 16]

Skin-directed treatments also helped users. A user showed old
footage of large clumps of their hair that had fallen out in the
sink. The user recalled how they felt at that time:

Super stressed. I’m going to be bald. My hair won’t
go back to normal. [User 68]

They then showed footage of dozens of boxes of prednisone
and their scalp with hair growth, stating as follows:

OMG! It might be working...Now I can do the hair
styles I want. [User 68]

Theme 2: TikTok Users’ Negative Experiences With
Health Care Workers Were Often Derived From
Diagnostic Delays and Perceptions of “Medical
Gaslighting”
Of the 153 videos, 45 (29.4%) involved a health care experience,
of which 58% (n=26) depicted negative experiences, whereas
18% (n=8) depicted positive experiences. Of the 25 negative
health care experiences, 22 (88%) could be attributed to an
experience with a health care worker. Primarily, TikTok users
expressed frustration due to diagnostic delays and “medical
gaslighting,” which made up 64% (14/22) and 36% (8/22) of
the negative interactions with health care workers, respectively
(Textbox 2). Diagnostic delays described by users spanned from
“months” to “years,” with 2 (14%) of the 14 users describing
delays of ≥10 years.

In our sample, diagnostic delays and medical gaslighting
frequently overlapped; 7 (4.6%) of all videos (n=153) described
scenarios where users felt that their symptoms were belittled
by medical professionals, leading to delayed diagnoses of LE.
A TikTok user stated as follows:

[D]octors would gaslight me until I was finally
diagnosed...this was my experience for almost 3 years.
Begging doctors to take me seriously. It traumatized
me. [User 34]

In another video, a user made the following announcement:

I was diagnosed with lupus today after 10 years and
14 different sexist doctors, they finally found out I
wasn’t just “overtired and dehydrated.” [User 20]

Health care workers attributing users’ lupus symptoms to mental
health causes seemed to be a common experience among those
who experienced medical gaslighting (5/8, 63%). A TikTok
video started with the following words:

Been sick since 2010. No doctor would listen. [User
2]

The user then showed stock photos of 3 physicians, each
depicted as saying, “It’s just anxiety, it’s just anxiety, it’s just
anxiety.” The user finished the video by rolling their eyes at the
camera and displaying the following words:

Finally diagnosed with lupus, rheumatoid arthritis,
among other things, after over a decade...it became
medical negligence a LONG time ago. They seriously
need to stop telling people that. [User 2]

Notably, in 4 (18%) of the 22 videos, the users’ negative
experiences with health care workers directly caused them to
pursue naturopathic practitioners to treat their lupus.
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Textbox 2. Common hashtags explained.

Hashtag and description

• #medicalgaslighting

• Describes medical providers minimizing symptoms or incorrectly attributing symptoms to a behavioral or psychological cause

• Primarily developed to describe the experiences of women and Black, Indigenous, and patients from racial and ethnic minority groups
[18,19]

• Popularized in recent years by publications such as The New York Times and The Atlantic [18,19]

• #spoonie

• An identity for an individual who experiences limited energy, often due to a chronic illness

• Derived from “The Spoon Theory,” written by Miserandino [20], a blogger with lupus; the theory describes spoons as units of energy that
everyone starts their day with; however, people with a chronic illness only get a few spoons at the start of the day, whereas others get an
excess of spoons [21]

• #chemotherapy

• Used to describe immunosuppressive treatments for lupus, such as methotrexate

• Possibly popularized by Selena Gomez, a singer and actor who has systemic lupus erythematosus; in a 2015 interview with Billboard, she
shared that she received chemotherapy to treat her lupus [22,23]; this was met with backlash from people who thought that the term
“chemotherapy” should be reserved for patients with cancer [23]

• #invisibleillness

• An illness with symptoms that are predominantly “invisible” to others; this may lead to misunderstandings from others and diagnostic
difficulties [24,25]

Theme 3: TikTok Users Tended to Portray
Nonpharmacological Interventions, Such as Diet and
Naturopathic Remedies, Positively, Whereas
Pharmacological Treatments Were More Commonly
Portrayed Negatively or Referred to as
“Chemotherapy”
Of the 153 videos, 58 (37.9%) involved experiences with LE
treatment, of which 41% (n=24) were on pharmacological
treatments, and 28% (n=16) were on nonpharmacological
treatments. Overall, 22% (13/58) involved positive experiences
with treatment, and 36% (21/58) involved negative experiences
with treatment.

Nonpharmacological treatments tended to be portrayed
positively; 9 (56%) of the 16 videos that mentioned
nonpharmacological treatments depicted a good experience.
The majority of positive experiences with treatment involved
nonpharmacological treatments (8/13, 62%), primarily diet (4/8,
50%) and naturopathic remedies (4/8, 50%). Furthermore,
nonpharmacological treatments were often credited for disease
remission; of the 9 videos that attributed LE remission to
treatment, 6 (67%) cited nonpharmacological treatments,
whereas only 3 (33%) cited pharmacological treatments. A user
stated as follows:

Natural medicine saved my life...[I was] told that I
would be on pharmaceuticals for life and that I would
never be able to exercise again, I could barely walk,
I wouldn’t be able to have kids, I wouldn’t be able to
have a job...But luckily, I didn’t listen. Because if I
did, I don’t know where I would be today. Instead, I

run three different businesses, I found movement that
works for me, I’ve completely reversed all fertility
issues, I’m in remission from lupus, and most of my
markers are completely normal. The secret to my
healing, you may be asking? Well, it’s the food that
you eat, the herbs that you put into your body, and
the habits that you practice on a daily basis that set
the course for your entire life. [User 26]

By contrast, pharmacological treatments tended to be portrayed
negatively; of the 24 videos in which they were mentioned, they
were depicted negatively in 10 (42%) and positively in only 3
(13%). Approximately three-fourths (16/21, 76%) of the videos
about negative experiences with treatment involved
pharmacologic treatments. Negative experiences included side
effects (6/16, 38%); injection pain (2/16, 13%); and distress or
difficulty with medication management (5/16, 31%) such as
remembering to take pills, feeling as though they had too many
prescriptions, having an emotional reaction to taking a
medication, and relying on perishable and expensive
prescriptions.

Furthermore, immunosuppression was repeatedly referred to
negatively with the term “chemotherapy.” In total, the term was
used by 5 (7%) of the 76 users in 16 (10.5%) of the 153 videos
and seemed to be used to portray the severity of disease or the
gravity of treatment measures. A user relayed their experience
with a flare:

I found out 3 years ago I had lupus. I had to have
chemo. It’s been manageable, but last week I had a
bad flare up and ended up in the hospital to find out
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it’s damaged my kidneys, and the doctors are talking
about chemo again. [User 23]

Another user stated as follows:

I am so physically exhausted from this disease and
chemo but this is your reminder—don’t give up. [User
34]

Theme 4: LE Symptoms, Particularly Musculoskeletal
Symptoms and Fatigue, Interfered With Users’ Daily
Functioning
Of the 153 videos, 29 (19%) referenced LE symptoms or
treatments interfering with basic, instrumental, social,
educational, or occupational functioning. Musculoskeletal
symptoms and fatigue were the most common symptoms to
directly overlap with codes related to interference with
functioning.

Musculoskeletal symptoms tended to interfere with basic
activities of daily living the most; 15 (83%) of the 18 instances
of interference with basic functioning were directly attributable.
Musculoskeletal symptoms, such as joint pain and stiffness,
primarily affected ambulation (8/15, 53%). A user stated as
follows:

A lot of days, my body hurts so badly that I don’t
possibly know how to get out of bed or survive for the
next few hours. [User 70]

Another user showed footage of themselves struggling to
perform a variety of activities such as sit on a toilet, grip a
marker, open a bottle of juice, and stand from a seated position.
During this footage, the user displayed the following subtitles:

What it’s like living with lupus. My joints get stiff.
Doing normal things are a struggle now. Lupus affects
my hands, wrists, and knees. I was just diagnosed and
I hope to see improvement soon. [User 48]

By contrast, fatigue resulting from LE seemed to be more likely
to interfere with social, occupational, and educational
functioning, contributing to 5 (56%) of the 9 references within
these categories. A user talked about how fatigue affected their
schooling:

You’re worried about going back to school because
you literally can’t do anything without 15 hours of
sleep, and you can’t get your schoolwork done, and
you can’t study enough, and it’s horrible. [User 10]

Another user talked about feeling fatigued after driving to see
a friend:

I had lunch with a friend today. I drove there and
drove home, so naturally I am fatigued now. Good,
bad, ugly, that a single activity can put me on the
couch. I am not worried, but this is a reality. [User
11]

Interestingly, 4 (5%) of the 76 users included the word “spoonie”
in their TikTok videos, a term that has become an identity for
individuals who experience fatigue from chronic illnesses.

Theme 5: Although TikTok Users Frequently Had
Strong Support Systems, Feelings of Isolation or

Misunderstanding Were Often Attributed to Battling
an “Invisible Illness”
Of the 153 videos, 16 (10.5%) depicted users’ support systems,
which were composed of partners (n=8, 50%), family members
(n=5, 31%), other TikTok users (n=3, 19%), and friends (n-3,
19%). TikTok users frequently expressed gratitude for the
assistance they received from support people in navigating their
LE symptoms and treatment. A user showed footage of their
hospitalization for LE and displayed the following words:

It’s been a rough few weeks. I couldn’t express how
grateful I am for my support system. My family. I
couldn’t have done it without you guys. [User 73]

Another user, who similarly filmed their TikTok video when
they were hospitalized for LE, wrote as follows:

I’m not recovering at the rate I hoped I would by now.
I keep watching time go by as the pain gets worse as
I lay here...You’re left with the emptiness and
questions what you did to deserve this and why you’re
here, and the only escape you have is those short few
minutes you get a call from a friend or family member
and can pretend it isn’t happening. [User 72]

However, TikTok users also reported discouraging interactions
with others (14/153, 9.2%), including with people from school
or work (n=3, 21%), friends (n=3, 21%), family (n=2, 14%),
service industry workers (n=2, 14%), partners (n=1, 7%), other
TikTok users (n=1, 7%), and neighbors (n=1, 7%). Most of
these interactions arose from misunderstandings of LE. Users
felt that because LE is primarily an “invisible illness,” with
many of its signs and symptoms not visibly apparent to others,
others did not always recognize their needs; for example, a
user’s video provided a list of “things people with lupus are
tired of hearing,” which included comments such as “You can’t
be tired, you haven’t done anything all day,” “You don’t look
sick,” “You’re using it as an excuse to be lazy,” and “It’s not
that bad” (User 41).

These misunderstandings led to feelings of isolation. A user,
who filmed themselves lying in bed, commented as follows:

[Lupus is] so isolating because no one understands
what you’re going through. I just feel lame having to
leave a group setting to have a flare up until your
body goes back to normal after a few hours. [User
44]

In all, of the 14 videos, 10 (71%) referred to LE as an “invisible
illness” through hashtags, captions, or direct quotes, and 6 (43%)
that were coded with “negative experiences with others” were
also coded with “invisible illness.”

Discussion

Principal Findings
This study represents the first qualitative and content analysis
of TikTok videos involving personal experiences of users with
LE. Patients are increasingly using social media to learn and
share information about their health conditions [9-11,26]. Thus,
social media provides a crucial fund of patient experiences that
can be used to extract clinically relevant patient-centered
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information for clinicians that may ultimately improve patient
care.

In this study, we found that TikTok videos on LE experiences
have extensive audiences, garnering millions of views and high
user engagement. Videos that mentioned mucocutaneous
symptoms of LE, such as hair loss and rash, were pervasive
among this sample, with mucocutaneous symptoms being the
second most frequent code used. Consistent with findings of

previous qualitative and survey studies, mucocutaneous
symptoms seemed to be major drivers of poor mental health
and negative body image among TikTok users with LE [27-33].
Our study suggests the need to regularly assess for mental health
and body image concerns in patients with LE, especially among
those with active dermatologic symptoms. It also underscores
the importance of treating hair loss and rash to mitigate mental
health burdens in this population (Textbox 3).

Textbox 3. Clinical applications of themes.

Themes and clinical applications

• Mucocutaneous symptoms had profound effects on the mental health and body image of TikTok users with lupus erythematosus (LE).

• Treatment of hair loss and rash is important for quality of life and mental health of patients with LE.

• Mental health should be regularly assessed at appointments, particularly for patients with rash or hair loss.

• TikTok users’ negative experiences with health care workers were often derived from diagnostic delays and perceptions of “medical gaslighting.”

• Clinical strategies such as reflective listening and validation may enhance the clinician-patient relationship and prevent perceptions of
medical gaslighting.

• TikTok users tended to portray nonpharmacologic interventions, such as diet and naturopathic remedies, positively, whereas pharmacologic
treatments were more commonly portrayed negatively or referred to as “chemotherapy.”

• Clinicians should be aware of popular nonpharmacological treatments for LE.

• Clinicians should engage in informed discussions of the safety and effectiveness of both pharmacological and nonpharmacological treatments
with their patients.

• LE symptoms, particularly musculoskeletal symptoms and fatigue, interfered with users’ daily functioning.

• Treatment should focus on reducing musculoskeletal symptoms and fatigue for patients reporting interference in functioning.

• Clinicians should assist patients in obtaining mobility devices, disability resources, and occupational and physical therapy that improve
daily functioning.

• Although TikTok users frequently had strong support systems, feelings of isolation or misunderstanding were often attributed to battling an
“invisible illness.”

• Involving support people in appointments could be a beneficial way to enhance existing support relationships and educate support people
on LE morbidity and disability.

However, we found that pharmacologic therapies might be met
with hesitancy by individuals with LE. Pharmacologic
treatments were depicted negatively in our sample, with
individuals citing side effects such as immunosuppression,
weight gain, and fatigue. Notably, the term “chemotherapy”
was used in several videos, which portrays the gravity that users
associate with receiving immunosuppressive medications. By
contrast, nonpharmacologic treatments such as diet and
naturopathic remedies were depicted overwhelmingly positively
in our sample, a finding that to our knowledge has only been
reported once before, in a 2011 qualitative study on attitudes
toward medications in South Asian patients with SLE [34]. The
uniqueness of this finding could be because users can benefit
monetarily from promoting diet or naturopathic remedies
through promotion deals on TikTok. However, it is also possible
that TikTok users, because they are a nonclinical sample, may
have fewer or poorer experiences with clinical medicine and
thus prefer nonpharmacologic treatments. Clinicians should be
aware of common nonpharmacological options for patients with
LE and should be prepared to counsel patients on the safety and
effectiveness of these therapies (Textbox 3).

Concordantly, we did find that TikTok users with LE shared
primarily negative interactions with the health care system and
health care workers. Many of these experiences centered on
instances of “medical gaslighting,” which users felt resulted in
diagnostic delays. Diagnostic delays are well documented in
SLE qualitative and quantitative research and can have
significant mental health ramifications for patients [3,35-39].
However, only a few qualitative studies have explored patients’
perceptions of diagnostic delays resulting from physicians
downplaying LE symptoms, with only 1 prior study capturing
the term “gaslighting” in its analysis [3,38,39]. To maintain the
therapeutic relationship, clinicians should combat perceptions
of medical gaslighting through strategies such as validation and
reflective listening (Textbox 3) [40].

Our sample had high symptom burden and frequently described
how musculoskeletal symptoms and fatigue were interfering
with daily functioning. TikTok users did not always feel that
others understood these symptoms, leading to feelings of
isolation and the thought that they have an “invisible illness.”
These ideas have been described in numerous qualitative
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analyses on LE [3,7,24,31,36,41-43]. Even so, overall, TikTok
users demonstrated robust social support systems made up of
friends, family, and partners. This is important because social
support has been associated with improved mental health in
patients with SLE, whereas a lack of substantial social support
has been associated with increased disease activity [24,44-47].
These combined findings suggest the importance of educating
patients’ support people on LE morbidity and disability to
facilitate successful support relationships (Textbox 3).

Strengths
This study has several notable strengths. First, because our
qualitative data were derived from a nonclinical sample, we
may have captured voices from individuals with diverse
experiences with the health care system [8]. Second, because
patient experiences were collected without interaction with the
study team, patient experiences were unbiased by researcher
presence or preset interview questions [48,49]. Third and last,
in contrast to existing qualitative studies that often have low
sample sizes, analyzing TikTok videos allowed us to gather the
experiences of 76 distinct users.

Limitations
Although qualitative studies are inherently not designed to be
generalizable because they provide rich, narrative data from the
group being studied, it is important to note that this study only
examined TikTok content and did not examine content from

other web-based platforms [50]. Thus, these findings may not
be representative of the entire LE web-based community.
Furthermore, as the TikTok videos were sampled from a search
revealing the most popular videos with #lupus, our findings
may overrepresent ideas in popular videos, while
underrepresenting ideas from users with fewer views.
Furthermore, in comparison to qualitative studies in which
interviewees are promised confidentiality when disclosing their
experiences, TikTok videos in our sample were not confidential,
and, in fact, were meant to be publicly shared. This means that
patient experiences were subject to social desirability bias, and
sensitive topics may have been avoided. Finally, demographic
data of TikTok users are not publicly available, and thus detailed
user demographics could not be characterized in this study.

Conclusions
TikTok provides a nonclinical, underused platform for
qualitative and content analysis of patient experiences. This
study summarizes key terminology and content in the LE TikTok
community, which may be clinically relevant because a
substantial number of patients use social media to obtain medical
information [9,10]. Ultimately, this study presents 5 thematic
conclusions paired with clinical applications, which offer an
enhanced understanding of how the well-being of patients with
LE is influenced by symptoms, treatments, support people, and
health care experiences.
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Abstract

Background: Abortion (also known as termination of pregnancy) is an essential element of women’s reproductive health care.
Feedback from women who underwent medical termination of pregnancy about their experience is crucial to help practitioners
identify women’s needs and develop necessary tools to improve the abortion care process. However, the collection of this feedback
is quite challenging. Social media offer anonymity for women who share their abortion experience.

Objective: This exploratory infodemiology study aimed to analyze, through French social media posts, personal medical
symptoms and the different experiences and information dynamics associated with the medical abortion process.

Methods: A retrospective study was performed by analyzing posts geolocated in France and published from January 1, 2017,
to November 30, 2021. Posts were extracted from all French-language general and specialized publicly available web forums
using specific keywords. Extracted messages were cleaned and pseudonymized. Automatic natural language processing methods
were used to identify posts from women having experienced medical abortion. Biterm topic modeling was used to identify the
main discussion themes and the Medical Dictionary for Regulatory Activities was used to identify medical terms. Encountered
difficulties were explored using qualitative research methods until the saturation of concepts was reached.

Results: Analysis of 5398 identified posts (3409 users) led to the identification of 9 major topics: personal experience (n=2413
posts, 44.7%), community support (n=1058, 19.6%), pain and bleeding (n=797, 14.8%), psychological experience (n=760, 14.1%),
questioned efficacy (n=410, 7.6%), social pressure (n=373, 6.9%), positive experiences (n=257, 4.8%), menstrual cycle disorders
(n=107, 2%), and reported inefficacy (n=104, 1.9%). Pain, which was mentioned in 1627 (30.1%) of the 5398 posts by 1024
(30.0%) of the 3409 users, was the most frequently reported medical term. Pain was considered severe to unbearable in 24.5%
of the cases (399 of the 1627 posts). Lack of information was the most frequently reported difficulty during and after the process.

Conclusions: Our findings suggest that French women used social media to share their experiences, offer and find support, and
provide and receive information regarding medical abortion. Infodemiology appears to be a useful tool to obtain women’s feedback,
therefore offering the opportunity to enhance care in women undergoing medical abortion.

(JMIR Infodemiology 2024;4:e49335)   doi:10.2196/49335
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Introduction

Background
Abortion is a common procedure. Worldwide from 2015 to
2019, there were 121.0 million unintended pregnancies annually
leading to 73.0 million abortions (60%) [1]. In France, in 2022,
there were 234,300 abortions, 78% of which were medical
termination of pregnancy (MToP) that is usually performed
early (<8 weeks of amenorrhea) [2].

Early MToP with an antiprogestin (ie, mifepristone) followed
by a prostaglandin analog has revolutionized abortion. Since
mifepristone was first approved in 1988, MToP has been
authorized in numerous countries worldwide [3], and its practice
has followed changes in health requirements and local
regulations. For instance, the COVID-19 pandemic and
associated mandatory lockdowns increased the overall rate of
MToPs and the rate of MToPs performed at home [4]. Abortion
was legalized in France on January 17, 1975 [5], and
mifepristone was first approved for MToP in 1988. The current
dose regimen for mifepristone and a prostaglandin analog was
approved in 2007 [6]. The sequence of consultations includes
a first visit to inform the woman, a second visit during which
she signs a consent form and initiates the procedure, and a
follow-up visit 14 to 21 days after mifepristone intake to ensure
the success of the procedure [7].

Abortion is not perceived in the same way as other standard
medical acts. In France, until 2001, a motivational interview
was mandatory during the first visit. This allowed a survey
showing that abortion was still considered to be too much of a
taboo to be performed. Women indicated having elaborate
defense strategies to protect themselves against this stigma,
including keeping their abortion secret, leading to potential
unsafe abortion practices [8]. Currently, women can generally
express their abortion experience more freely. In particular,
social media provide online anonymity and offer a safe
opportunity for women to share and seek information.

With over 2.3 billion active users globally [9], social media
have become a new data source for public health, as users can
find, exchange, and discuss health information on the platforms.
According to Médiamétrie, a company specializing in audience
measurement and the study of the use of audiovisual and digital
media, more than 85% of the French population are internet
users [10]. Moreover, according to a recent report [11], 21.1%
of French individuals frequently or very frequently use
health-related social media such as Doctissimo, with 14.1%
using Facebook and 9.8% using women’s magazines and their
associated websites to find health information.

Analyzing online information represents a developing alternative
means to understand patients’ health compared with
self-administered questionnaires. These patient-generated health
data are produced spontaneously (and are thus not limited to

medical consultations, for instance), mostly anonymously.
Therefore, these data may better correspond to patients’ feelings
compared with closed-ended questions. Moreover, text-mining
techniques applied to analyze social media data can be used
with relative ease [12], providing new opportunities to bridge
the gap between qualitative and quantitative data analyses [13].
A new research discipline and methodology has thus emerged.
This scientific discipline called infodemiology focuses on
health-related content analysis published online [14].

Studies based on analysis of Instagram, Facebook, or Reddit
posts have started to be published in peer-reviewed journals.
These analyses have helped to characterize patients’experiences
and related perceptions of an illness and its burden in many
health fields (eg, in vitro fertilization [15], miscarriage [16],
cesarean section [17], and breast cancer [18]), along with
documenting the processes involved in abortion method
decision-making [19]. However, to the best of our knowledge,
few studies using social media data have been published to
characterize the experiences and perceptions of women who
underwent an abortion, in particular MToP [19]. Furthermore,
none of these studies has been carried out in France, although
women’s experiences are likely influenced by clinical practices
and cultural differences that preclude the generalization of data
collected in other countries.

Objective
We conducted VEILLE, a 4-year retrospective infodemiology
study, to analyze reported medical symptoms and the different
experiences and information dynamics associated with the MToP
process in France.

Abortion care is an essential element of women’s reproductive
health care [20]. Women's feedback about their experience is
crucial to meeting women’s needs during MToP. Collecting
women’s feedback about their MToP experiences and
understanding these experiences could provide the necessary
information for health care providers to respond to French
women’s needs during MToP.

Methods

Study Design
VEILLE is a noninterventional, retrospective study using a
text-mining approach to retrieve and analyze medical abortion
posts from social media posts.

All messages geolocated in France posted by women who had
experienced MToP between January 1, 2017, and November
30, 2021, in French-speaking general and specialized web
forums were considered. Only messages from publicly available
sources were extracted.

The study name VEILLE is an allusion to the French translation
of social media monitoring (veille) and a tribute to Simone Veil
(same pronunciation, /v j/) who legalized abortion in France.
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Data Extraction
Data (verbatim social media posts) were identified and
pseudonymized by tokenization before being extracted.
Irrelevant material was eliminated.

All public posts available on the web containing at least one of
the relevant keywords related to MToP were identified using
the Brandwatch social media data extractor [21]. This tool is
based on queries that include selected keywords evocative of
the subject of interest. Using the query, the Brandwatch extractor
searches through available public data sources and identifies
keywords within posts matching those in the query.

Posts were downloaded along with their associated metadata:
URL/domain, publication date, forum, language used, hashtags,
authors, and engagement type such as retweet. Posts and
associated metadata constituted the corpus.

Keywords in French (eg, IVG for interruption volontaire de
grossesse, voluntary pregnancy termination) and their synonyms
were defined by the authors (see Multimedia Appendix 1).

Data Preprocessing and Modeling
Extracted posts were cleaned before being stored in the
study-specific database. Posts from irrelevant sources such as
potential advertising sites or forums related to pets and animals
were removed using regular expression rules. Duplicates were
managed by merging posts with either the same username on
different platforms or the same post with another username. A
machine-learning algorithm (extreme gradient boosting classifier
[XGBoost]) was used to identify posts reporting personal
experiences [22]. These posts constituted the study data set.

The algorithm was implemented based on message-level
calculation of the user’s probability of being a woman having
experienced MToP according to specific features (lexical fields
and regular forms, such as “I have [EXTRACTION TERM]”)
and coupled with pronoun variables. Filters (in French) were
used to narrow down the search to only MToP experience,
excluding surgical abortion (Multimedia Appendix 2).

Data Analysis
Descriptive analysis was performed for posts (number and
source) and social media users (number, age, gender). A social
media user’s age was determined through the identification of
regular expressions such as “j’ai 45 ans” (“I am 45 years old”),
“ayant 45 ans” (“being 45”) (Regex method) over all posts.
Each pseudonym was associated with one gender (man, woman,
or unidentified) and one age category (20 years or younger,
21-30 years, 31-40 years, and so on, or unidentified). Gender
was confirmed using the Regex method and with the support
vector machine algorithm (XGBoost method) through the
identification of regular expressions in the content of each post:
gendered participles, adjectives, and names (eg, Miss, pregnant)
or grammatical features [23].

A topic model was applied to identify the topics addressed in
the posts constituting the study data set [24]. Topic models
consist of text-mining approaches that aim to automatically
identify the abstract topics addressed in a collection of

documents. Such models are based on the hypothesis that each
document corresponds to a distribution of several topics.

A biterm topic model (BTM) was used to identify the topics
without prior knowledge. A topic is defined as a subject of
discussion, which amounts to tokens that frequently appear
together in the posts from the data set. The BTM considers the
whole data set as a mixture of topics, where each co-occurring
pair in tokens (the biterm) is drawn from a specific topic
independently and modeled topics are probability distributions
over the biterms [24]. As topics are probability distributions
over tokens of the study data set, they can be characterized by
the highest per-topic probability tokens. Weighting these
probabilities through term-frequency inverse document
frequency (TF-IDF) weighting allows topic-specific tokens to
be allocated with higher importance. In this case, the per-topic
probability of a token is weighted by the inverse of the
probabilities of this token in other topics. Therefore, for each
topic, tokens were ranked from the highest to the lowest
weighted probabilities TF-IDF value in this topic. The first 9
tokens were designated as the set of characteristic tokens and
used to name the topic manually.

A specific list of symptoms related to MToP was established
based on the Medical Dictionary for Regulatory Activities
(version 23) terms [23]. The lexical field was enriched to
consider verbal forms found on social networks. A single post
could contain several medical terms.

For difficulties encountered by social media users, posts were
randomly allocated to create a sample representing 30% of the
extracted posts. A qualitative manual search was performed on
this sample using a generic annotation grid, which helped to
categorize each difficulty. A single post could contain several
encountered difficulties. Given the diversity of encountered
difficulties, data saturation was used to obtain a representative
sample of expressed difficulties [25].

Saturation was checked by taking 5% samples of the total
number of social media users (N=1964) and analyzing the
number of new types of difficulties or unmet needs per 5%
sample (n=98). Saturation was considered to be achieved when
two consecutive samples no longer yielded more than one newly
identified difficulty category. Two additional batches of 5%
each were analyzed after saturation was first reached for further
validation of the findings [25].

Ethical Considerations
Data collection and treatment followed the European Union
General Data Protection Regulation. The study was conducted
within the frame of legitimate interest. The study involved data
issued from publicly available sources. Consent was not required
as the study involved publicly available posts and as users
automatically grant their consent for the reuse of their data when
they post on public platforms. Following this and as this falls
under the R1121-1 Article of the French Public Health Code
[26] (in effect since July 1, 2021), we did not seek ethics board
review or approval for this study. Private groups or web pages
were excluded from our data extraction process. The results of
the study do not contain any identifiable information and are
presented taken together. A privacy-by-design approach was
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adopted as all usernames, web forum names, geographic
locations, URLs, or any other sensitive information was
substituted by identifiers before being stored in the analysis
corpus.

Results

Population and Posts
After cleaning/filtering of the corpus, 8326 posts published by
6223 users were extracted from social media platforms to be
preprocessed/modeled. Therefore, 5398 posts published by 3409
social media users were identified and constituted the study
data set (Figure 1). The top 6 keywords are presented in Table
1.

As only posts reported by individuals having experienced MToP
could be included in the data set, all posts were deemed to be
written by women. Gender was confirmed for 2898 of the 3409
(85%) social media users. Age was found in the posts of 8.1%
of the social media users (n=275): 1.5% (n=52) were ≤20 years,
4.2% (n=142) were between 20 and 30 years, 1.5% (n=51) were
between 30 and 40 years, and 0.9% (n=30) were >40 years. The
median age was 26 years.

The 5398 posts were retrieved from a total of 22 web forums
(Table 1); 78% of the posts were issued from two specialized
forums (Doctissimo and aufeminin.com) and one general forum
(Facebook). Doctissimo, which was the top-ranked source is a
French specialized medical site, whereas aufeminin.com, ranking
second, is an online women’s magazine. The remaining sources
(22%) were specialized (ie, women, patient, or disease-driven)
web forums, except for Twitter, Reddit, and YouTube.

Figure 1. Study framework and flowchart of data extraction and analysis. BTM: biterm topic model; MedDRA; Medical Dictionary for Regulatory
Activities; Xgboost: extreme gradient boosting.
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Table 1. List of forums reporting women’s medical termination of pregnancy experiences and the top 6 extraction keywords.

Social media users (N=3409), n (%)Posts (N=5398), n (%)Feature

Keyword extraction (top 6)

N/Ac3642 (67.5)IVGa/IVG medicamentb

N/A761 (14.1)Avortd

N/A350 (6.5)GYMISO

N/A211 (3.9)MIFEGYNE/MIFEGINE

N/A188 (3.5)MISOPROSTOL

N/A111 (2.1)MISOONE

Forums

Specialized forums

1018 (29.9)2218 (41.1)Doctissimo

768 (22.5)1001 (18.5)AuFeminin

241 (7.1)353 (6.5)Journal des femmes

254 (7.5)336 (6.2)Babycenter.fr

58 (1.7)86 (1.6)Journaldesfemmes.com

38 (1.1)57 (1.1)Mamanandco

15 (0.4)16 (0.3)Mademoizelle.com

15 (0.4)15 (0.3)Magicmaman

14 (0.4)14 (0.3)Enceinte.com

13 (0.4)13 (0.2)Psychologies

10 (0.3)10 (0.2)Fiv.fr

9 (0.26)9 (0.2)Beauté test

5 (0.15)5 (<0.1)Parents.fr

2 (<0.1)2 (<0.1)Thyroide

2 (<0.1)2 (<0.1)Lymphome espoir

2 (<0.1)2 (<0.1)Notrefamille

2 (<0.1)2 (<0.1)Alexia.fr

1 (<0.1)1 (<0.1)Entrepatients.net

General forums

743 (21.8)993 (18.4)Facebook

136 (4.0)174 (3.2)Twitter

34 (1.0)55 (1.0)Reddit

29 (0.9)34 (0.6)YouTube

aIVG: French abbreviation for voluntary termination of pregnancy.
bmedicament: French word for medicine.
cN/A: not applicable.
dAvort: first letters of the French word avortement, which means abortion.

Discussion Topics
From the 5398 posts, 9 topics of interest were identified (Table
2). Personal experience and community support were the most

prominent topics. The 7 other topics were as follows (in
decreasing order): pain and bleeding, psychological experience,
questioned efficacy, social pressure, positive experiences,
menstrual cycle disorders, and reported inefficacy.
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Table 2. Topics and topic description ranked by frequency.a

DescriptionPosts (N=5398), n (%)TopicRank

Users shared personal experiences. They described what they experienced
during their medical abortion, the details of the procedure, and what they
felt at that moment.

2413 (44.7)Personal experience1

Looking for community support. Some users looked for experiences shared
by other users about the procedure to increase their knowledge and to be
prepared for it, as well as to feel reassured.

1058 (19.6)Community support2

Seeking for testimonies about pain and bleeding. Highlighted a lack of
information on these drug-related adverse events. Users were concerned
about what they were about to experience, and they found nonreassuring
testimonies on social media.

797 (14.8)Pain and bleeding3

Users expressed regrets and mental outcomes such as depression and
emotional distress with short- and long-term consequences. They also re-
ported that medical abortion was “traumatic” and that if they had known
they would have chosen surgical abortion.

760 (14.1)Psychological experience4

Efficacy was questioned.410 (7.6)Questioned efficacy5

The pressure was from the family and mostly from the partner.373 (6.9)Social pressure6

Shared positive experiences with medical abortion.257 (4.8)Positive experience7

Some users reported menstrual cycle disorders following abortion.107 (2.0)Menstrual cycle disorders8

Some users reported inefficacy of the procedure (medical abortion).104 (1.9)Reported inefficacy9

aA single post may contain several topics.

Medical Terms
Pain was the most frequently reported medical term related to
difficulties (Table 3). Bleeding was the second most frequent
medical term. Pain and bleeding were reported both during and
after medical abortion. Other medical terms reported during and
after medical abortion were nausea or vomiting (475/5398,
8.8%) and fatigue. Stress and anxiety were directly associated
with the medical abortion procedure, including the fear of
abortion inefficacy. Emotional distress, echography, and delayed
menstruation were reported both before (when pregnancy was
confirmed) and after medical abortion. After the procedure,

emotional distress was associated with the feeling of regret and
grief.

Pain is a multimodal concept with subjectivity, which was
reported by 1024 of the 3409 (30.3%) users in 1627 of the 5398
posts (30.1%). Pain usually occurred after the second drug intake
(prostaglandin analogs). Using topic modeling, different types
of pain were identified, providing details to characterize each
type. As a result, two main types of pain were identified:
physical and emotional pain. Of the 1627 posts regarding
physical pain, the pain intensity was described in 561 posts
(34.5%) and was considered severe to unbearable in 399 posts
(24.5%) (Figure 2). These rates are not associated with new
safety signals in MToP.

Table 3. Most frequently reported medical terms related to difficulties after medical termination of pregancy.a

Posts mentioning term (N=5398), n (%)Medical termRank

1627 (30.1)Pain1

1112 (20.6)Bleeding2

997 (18.5)Emotional distress3

492 (9.1)Echography4

460 (8.5)Stress/anxiety5

360 (6.7)Fatigue6

252 (4.7)Nausea7

223 (4.1)Vomiting8

134 (2.5)Delayed menstruation9

114 (2.1)Grief10

aA single post may contain several medical terms.
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Figure 2. Focus on pain medical terms.

Encountered Difficulties
A total of 553 difficulties were identified from 500 posts derived
from a randomized sample containing 1604 posts (30%).

Reported difficulties were encountered along the MToP process
(Figure 3).
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Figure 3. Encountered difficulties. The red line represents the pathway from premedical MToP to post-MToP via MToP. The dashed red line represents
the pathway at the end of the procedure in case of failure. Encountered difficulties are summarized in boxes distributed along the whole pathway. HCP:
health care professional; MToP: medical termination of pregnancy; x% (y%): number of difficulties among the 553 identified difficulties (number of
difficulties among the 1604 posts of the randomized sample).

Lack of information was reported within each stage of the MToP
process (before, during, and after medical abortion). Before the
procedure, users enquired about reimbursement and the MToP
process in detail (ie, drug dosage, route of administration).
Details about the MToP process were still misunderstood during
the process as users were asking questions about the potential
side effects, delay of action, and monitoring. After taking the
medications, users were concerned about pain and bleeding,
especially for the duration of symptoms, time of occurrence,
level of intensity, and types of symptoms. For some women,
the pain and bleeding lasted longer than expected (several weeks
or even months), and they were looking for community advice.
MToP efficacy was a fundamental question during and after the
MToP process. Users were wondering how to be sure that the
procedure worked, and they expressed fear of failure. They also
enquired about embryo expulsion: the appearance, at what
moment it was supposed to be expelled, and how to know
whether or not it had occurred. They also expressed concerns
about surgical management of incomplete abortion. Postabortion
sexual life was also of cardinal importance. Future fertility was
also a concern: users were wondering when they could get
pregnant again and when their menstrual periods would return
to normal.

The need for psychological support was quite common after
medical abortion. During the procedure, users reported feelings
of loneliness. After the procedure, some users mentioned
difficulties in overcoming the event, sometimes for a long time.

Overall, 5.4% of the 553 encountered difficulties (n=30)
highlighted a lack of health care support during and after the
procedure. Users reported that they were looking for health care

providers who did not judge them and who could provide them
with an environment of mutual trust.

Discussion

Principal Findings
The results of this exploratory study found that infodemiology
could help to collect French women’s feedback about their
MToP experiences. The results showed that women used social
media to share their experiences, offer and find support, and
provide and receive information regarding medical abortion.
The extent of the need for information during and after the
MToP procedure suggested that there is still room for
improvement.

In the context of shared decision-making in medicine, where
both the patient and physician contribute to the process and
agree on treatment decisions, the relationship between women
and health professionals is crucial and needs to be built up,
including beyond the MToP act. To extend this connection,
health care professionals can already rely on tools such as
leaflets, institutional websites, or mobile apps (eg, chatbots) to
answer additional questions from women. This ensures
high-quality, standardized, and reachable information. In this
study, the need for information did not necessarily mean a lack
of information. The discovery of an unintended pregnancy, the
idea of terminating it, the fear of stigmatization, and facing
medical terms for an unprecedented situation can generate
anxiety and ultimately difficulties for the woman in integrating
the information provided by the health care professional.
Independent of the counseling method, unbiased nondirective
information should remain accessible (19% of posts sought
advice) [27].
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“Pain and bleeding” and “psychological experience” were also
among the main topics. The psychological experience linked
to the procedure was evoked at all stages of the process, from
the pregnancy discovery to the MToP follow-up, showing that
some women became apprehensive about this experience. Pain
and anxiety were tightly associated; pain (physical and
psychological) was mentioned in more than 1 out of 4 posts.
This confirmed the previous evidence that some women needed
timely counseling and education through this experience. Studies
emphasize that listening to and accompanying women is
essential [28]. The possibility of verbalizing physical pain could
allow women to better bear the pain [29]. To satisfy the need
for psychological support, the integration of the contact
information of volunteer psychologists in the directories of
health care professionals involved in the abortion process could
facilitate access to psychological follow-up for women who
wish to do so, instead of having to navigating the experience
alone through the testimonies of online community members.
This nonpharmacological individualized anxiety management
could advantageously complete a pharmacological pain relief
strategy.

Other encountered difficulties were reported (Figure 2). Fear
of failure and its fallouts were mainly mentioned during and
after abortion. Once the decision was made, there was an
apparent need for reassurance about the success of their action.
A timely counsel and education through a health care
professional (eg, via telemedicine) or a community could meet
this need. In the absence of a patient organization, the online
community can offer adequate support. Indeed, pressure from
the entourage and loneliness were mentioned in a small
percentage of the posts. Abortion is not a neutral topic, and it
can be either strongly encouraged or discouraged by the
environment. This underlines the importance of meeting the
woman alone to ensure the freedom of her choice [28]. When
there is a language barrier, it is important to be able to call upon
a professional interpreter [28]. In France, the law of March 20,
2017, protects women against disruption of access to abortion
as a medical act and misinformation on the abortion procedure,
particularly on the internet and social media [30]. Despite this
law, no proceedings have led to a conviction so far. The
persistent stigmatization of women who have recourse to
abortion and the fear of the possible consequences of public
exposure to a private and intimate situation may explain this,
especially since misinformation is difficult to assess clearly and
the law is still often misunderstood [31]. Nevertheless, a study
conducted in 2019 in the planning center of a French hospital
center (108 women) showed that 36% of women made their
decision alone and 68% of women made their decision without
difficulty (decision-making was assessed using the Decisional
Conflict Scale) [32].

Concerning the psychological effects of MToP, the messages
reporting regrets (including in the long term) underlined the
importance of providing a caring listening ear (without bias or
judgment) to women’s requests, and the importance of being
able to offer women, when they feel the need, the possibility of
psychological support.

Study Strengths
The present results were obtained using data from social media.
The use of social media to collect information has several
advantages.

First, with, 2.3 billion users voluntarily sharing their data,
experience, and outcomes, social media represent the new El
Dorado to gather patient feedback [9,18]. Furthermore, the broad
variety of social media and the long-term storage of public posts
offer access to a large-scale data set allowing focus on specific
topics, time periods, and locations. Indeed, the reactivity of
social media facilitates carrying out analyses at a given moment
and then over time. As such, these data make it possible to
quickly measure the impact and acceptance of the
implementation of a new health care procedure.

Second, the analysis of social media posts makes an important
contribution by generating patient-centered perspectives from
an underutilized data source. Our goal was to identify the direct
experiences of MToP. Anonymity likely allowed women to
express themselves without fear of recognition or judgment in
this context. This alternative to in-hospital interviews helps to
circumvent any form of white-coat bias [8,9].

Moreover, obtaining data from social media is facilitated by the
low acquisition cost. This makes infodemiology an affordable
methodology complementing standard clinical methods (ie,
clinical studies or surveys), as it enables accessing a large data
set while avoiding some of the intrinsic biases of standard
methods.

Third, the median age of social media users reported in the study
was consistent with the age for abortion in France [2].

Finally, the combined methodology of quantitative analysis and
qualitative examination enabled robust characterization of topics,
as previously described in peer-reviewed papers. This proven
study type helps to give a voice to women experiencing MToP
with limited background noise on this topic.

Study Limitations
First, our study is subject to the inherent limitations of all
infodemiology studies. One of these limitations results from
the fact that, despite an abundant amount of data available,
worldwide regulation prevented us from extracting posts from
private forums/groups or those that are exchanged directly
between users. Moreover, not all social media users are active.
van Mierlo et al [33] estimated that approximately 90% of social
media users are observers and do not actively participate in
content creation; only 9% contribute sparingly and 1% create
most of the content.

Another limitation is the variability of the level of contribution
according to age (young people express themselves more than
other age groups), gender (women express themselves more
than men), country, socioprofessional class, and other factors
[9,34]. In our study, as the data collected via social media were
not representative of the population, there is a limitation in
generalizing the findings to the whole French population of
women who have experienced MToP [35].
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Since the data were issued from the internet, our study could
also present recall bias. Social media users tend to more
frequently verbalize negative rather than positive experiences
(ie, recall bias). This could lead to an overrepresentation of
negative observations related to MToP in our study. It should
also be noted that data published on social media could be
deleted or modified, limiting the reproducibility of the results.
The quality of the data collected was very heterogeneous and
varied among social media users. Verifying the accuracy of
published data is challenging due to the anonymity offered by
social media. Content bots or users pretending to be others could
have created some of the analyzed content.

Moreover, our analysis was based on the spontaneous
testimonies of social media users on a single topic of interest
and according to their feelings (subjectivity). The media or
influential people could direct the discussions and encourage a

peak of comments at a given moment (eg, the change of
legislation around abortion in the United States).

Finally, due to variations among clinical practices and cultural
differences, the conclusions of our study are not reproducible
in different countries and regions.

Conclusion
This exploratory study showed the added value of
infodemiology. Applied to medical abortion, the results indicate
that French women who underwent an MToP used social media
to document their experiences, offer and find support, and
provide and receive information regarding the procedure. This
suggests that there is still room for improvement during and
after the process, particularly in providing women with the
opportunity to be properly informed, be listened to, and express
themselves.
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Abstract

Background: Attitudes toward the human papillomavirus (HPV) vaccine and accuracy of information shared about this topic
in web-based settings vary widely. As real-time, global exposure to web-based discourse about HPV immunization shapes the
attitudes of people toward vaccination, the spread of misinformation and misrepresentation of scientific knowledge contribute to
vaccine hesitancy.

Objective: In this study, we aimed to better understand the type and quality of scientific research shared on Twitter (recently
rebranded as X) by vaccine-hesitant and vaccine-confident communities.

Methods: To analyze the use of scientific research on social media, we collected tweets and retweets using a list of keywords
associated with HPV and HPV vaccines using the Academic Research Product Track application programming interface from
January 2019 to May 2021. From this data set, we identified tweets referring to or sharing scientific literature through a Boolean
search for any tweets with embedded links, hashtags, or keywords associated with scientific papers. First, we used social network
analysis to build a retweet or reply network to identify the clusters of users belonging to either the vaccine-confident or
vaccine-hesitant communities. Second, we thematically assessed all shared papers based on typology of evidence. Finally, we
compared the quality of research evidence and bibliometrics between the shared papers in the vaccine-confident and vaccine-hesitant
communities.

Results: We extracted 250 unique scientific papers (including peer-reviewed papers, preprints, and gray literature) from
approximately 1 million English-language tweets. Social network maps were generated for the vaccine-confident and
vaccine-hesitant communities sharing scientific research on Twitter. Vaccine-hesitant communities share fewer scientific papers;
yet, these are more broadly disseminated despite being published in less prestigious journals compared to those shared by the
vaccine-confident community.

Conclusions: Vaccine-hesitant communities have adopted communication tools traditionally wielded by health promotion
communities. Vaccine-confident communities would benefit from a more cohesive communication strategy to communicate their
messages more widely and effectively.

(JMIR Infodemiology 2024;4:e50551)   doi:10.2196/50551
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Introduction

Background
Cervical cancer is one of the most preventable types of cancer
in the world. Almost all cases are attributable to human
papillomavirus (HPV), for which an effective vaccine exists
[1]. Part of the global strategy to eliminate cervical cancer
includes fully vaccinating 90% of girls with the HPV vaccine
by the age of 15 years [2]. However, the global HPV
immunization coverage currently remains suboptimal [3]. While
many countries are experiencing vaccine supply issues, even
high-income countries with reliable vaccine supply and
comprehensive school-based programs are still failing to meet
vaccine targets, largely due to vaccine hesitancy [4].

Studies show that people now search the web for health
information more often than they talk to health professionals
about these matters [5]. The popularity of social media platforms
has also created a phenomenon wherein people not only use the
web to access health information but also play an active role in
cocreating the information and ideas (in the form of opinions,
anecdotes, and links to other sources of information) that they
encounter in these web-based spaces [6]. Social media spaces
create an important setting for people to interact and for
communities to emerge, as they are not geographically bound
but rather reflect patterns of shared interests, purpose, or
identities [7]. As such, vaccine-confident and vaccine-hesitant
groups represent distinctive ideologies and create distinctive
web-based communities. The distinction between these 2 groups
lies in their attitudes, beliefs, and behaviors associated with
vaccine decision-making, in that vaccine-confident groups
reflect public trust in vaccines and the evidence supporting their
efficacy, effectiveness, and safety, which leads to their uptake
of recommended vaccines. Vaccine-hesitant groups, for their
part, tend to doubt this information, demonstrated by their
reluctance or refusal to receive recommended vaccines [8,9].

Despite a large body of evidence demonstrating the safety and
efficacy of the HPV vaccine [10,11], attitudes toward the
vaccine and the accuracy of information shared about this topic
in web-based settings vary markedly from extremely negative
and erroneous to supportive and factually accurate [12]. In
addition, in recent years, there has been a rapid increase in the
accessibility of scientific journals and subsequent dissemination
of scientific findings through social media [13]. Simultaneously,
there has been a decline in the role of unbiased science
journalists and other communication experts as mediators
between scientists and the public [14]. While these changes
have had a democratizing effect on scientific knowledge and
allowed for better communication between scientific
communities and the public, this unfiltered access to scientific
research also creates an environment where individuals may
have difficulty in differentiating valid and credible information
from biased and unreliable information or may misinterpret
legitimate findings [15]. In contrast, researchers have also noted
that the growth of open science can create opportunities for
people to discuss novel research across polarized boundaries
[16], but the type and quality of scientific research about HPV
vaccination that is being shared in web-based discussions is

unknown. Finally, with a wealth of open-access scientific
research available, there are concerns about how ideologically
motivated communities, such as vaccine-hesitant groups,
integrate scientific knowledge into their social media
communication strategies to amplify uncertainty around vaccines
[17]. It is prudent to investigate how scientific research is
integrated into web-based HPV vaccine discussions, given that
web-based information is typically considered to be more
credible, reliable, and authoritative if supported by scientific
citation, notwithstanding the source of journal, authorship, or
other features [18].

Twitter (recently rebranded as X; as data collection occurred
before the rebrand, we will be using its former name throughout
this paper) is one of the largest, most popular, and most
influential social media platforms in the world. Twitter has also
traditionally been a preferred source of public opinion data for
applied public health research [19-22]. This is because social
media feeds such as Twitter offer an avenue for continuous,
near-real–time collection of unsolicited information generated
by many individuals regarding a variety of topics of interest
[23,24]. Several studies have recently demonstrated the benefits
of leveraging social media over traditional methods such as
surveys as a source of primary data for health promotion
interventions, including those aimed at increased participation
in HPV immunization programs [25].

Objectives
Exposure to web-based discussions about HPV immunization
on Twitter, regardless of geographic location, may influence
peoples’ attitudes toward the vaccine [22,26,27]. Thus, there is
significant interest among public health professionals to better
understand how scientific knowledge about HPV immunization
is wielded on Twitter, both to understand the impact of scientific
knowledge on vaccine hesitancy and to identify opportunities
for novel interventions aimed at countering or debunking
misinformation and supporting increased uptake of the HPV
vaccine [6,28]. Therefore, in this study, we aimed to do the
following:

1. Describe and visualize the vaccine-hesitant and
vaccine-confident communities’ patterns of sharing HPV
vaccination–related scientific literature on Twitter

2. Thematically analyze the scientific literature shared by both
vaccine-hesitant and vaccine-confident communities using
a typology of research evidence

3. Determine whether there are differences in shares, quality
of evidence, and other bibliometric indicators of the
scientific literature shared by each community

Methods

Overview
Our methods followed a multistep process. First, we conducted
a rapid review to inform HPV and HPV vaccine keywords.
Second, we used these keywords to filter tweets and create a
data set. Third, we detected vaccine-confident and
vaccine-hesitant communities and generated social network
maps of each community based on tweets and retweet. Fourth,
we detected the mentions of scientific literature in each

JMIR Infodemiology 2024 | vol. 4 | e50551 | p.103https://infodemiology.jmir.org/2024/1/e50551
(page number not for citation purposes)

Jessiman-Perreault et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


community and extracted those papers for future statistical and
social network analysis. A summary of these methods is

presented in Figure 1 (adapted from the paper by Elyashar et al
[29]), and further details are presented in the following sections.

Figure 1. Summary of the study methods. API: application programming interface; HPV: human papillomavirus.

Literature Review to Inform Data Collection
To determine the most applicable keywords to guide this study,
a rapid review was first conducted to determine the most
frequently used keywords in literature focused on HPV and
HPV immunization discourse on Twitter. The rapid review
methodology was selected due to its efficiency in synthesizing
a large volume of information in a timely yet systematic manner
[30]. This review yielded 13 papers published between 2015

and 2020 about the topic of HPV immunization discussions on
social media, with 11 (85%) focusing on HPV immunization
discussions on Twitter specifically. We extracted the keywords
used in each paper to filter content on social media (Textbox
1). Then, we synthesized these keywords to compile a list of
the most used keywords to represent HPV and HPV vaccine
discussions on social media, and the top 3 keywords were used
to generate the data set.
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Textbox 1. Papers yielded from the rapid review and the associated human papillomavirus (HPV)–related and HPV vaccine–related keywords.

Papers and keywords

• Shapiro et al [31]

• “Gardasil,” “Cervarix,” “HPV AND vaccin*,” and “cervical AND vaccin*”

• Massey et al [32]

• “HPV,” “HPV vaccine,” “HPV shot,” “Gardasil,” and “Cervarix” (and hashtag equivalents)

• Keim-Malpass et al [33]

• “#HPV” and “#Gardasil”

• Du et al [21]

• “HPV,” “human papillomavirus,” “Gardasil,” and “Cervarix”

• Nelon et al [34]

• “#vaccines,” “#vaccine,” “#vaccinations,” and “#vaccination”

• Surian et al [35]

• “HPV AND vaccine,” “HPV AND vaccination,” “Gardasil,” “cervical AND vaccination,” “cervical AND vaccine,” and “Cervarix”

• Zhou et al [36]

• “HPV,” “vaccine,” “Gardasil,” “Cervarix,” “vaccination,” “cervical,” and “cancer”

• Becker et al [37]

• “Pentavalent OR pentavac OR quinvaxem”

• Dyda et al [38]

• “Cervical,” “Cervarix,” “HPV,” “human papillomavirus,” “vaccine,” “vaccination,” and “Gardasil”

• Chakraborty et al [20]

• “HPV,” “papilloma,” “pappiloma,” “papiolma,” “papillomavirus,” “Gardasil,” “Gardisil,” “Guardisil,” “Guardasil,” “Cervarix,” “cervical
shot,” “cervical shots,” “cervical vaccine,” “cervical vaccines,” “cervical vax,” “cervical vaxine,” “cervical vaxines,” “cervical vaxx,”
“cervical vaxxine,” “cervical vaxxines,” “cervical vaccination,” and “cervical vaccinations”

• Dunn et al [39]

• “Gardasil,” “Cervarix,” “HPV AND vaccine,” and “cervical AND vaccin”

• Budenz et al [40]

• “HPV,” “HPV vaccine,” “HPV shot,” “Gardasi,” and “Cervarix” (and hashtag equivalents)

• Zhang et al [41]

• “Cervarix,” “Gardasil,” “HPV,” “human papillomavirus,” “Gardasil,” “HPV AND vaccin*,” and “cervical AND vaccin*”

Data Collection
Using 3 of the most common keywords that emerged from the
initial rapid review (“HPV” OR “Gardasil” OR “Cervarix”), a
data set of tweets and retweets was created (N=596,987). Then,
tweets were collected using the Academic Research Product
Track application programming interface (API) from January
2019 to May 2021 [42]. Data were collected using the Twitter
API Python wrapper (Python Software Foundation, version
3.8.5) [43]. The construction of the API, data collection, and
data processing (ie, importing, exporting, and filtering of data)
were performed in Python [44].

Ethical Considerations
This study received an exemption from ethics approval as
determined by The Conjoint Faculties Research Ethics Board
at the University of Calgary. This was due to its use of only
publicly available information from an existing data set.
Furthermore, the published results have omitted all identifiable
information and are only presented in aggregate form.

Social Network Analysis
First, we created a social network of accounts by creating an
edge list using retweets. The retweet edge list consisted of nodes
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representing individual Twitter accounts and edges representing
accounts that are being retweeted. The individual Twitter
accounts were identified using the “username” information from
the API, and the source of the retweet account information was
extracted using the account mentions beside the “RT” in the
tweets’ text in our data set. Our data set consisted of 57,109
retweets and 25,898 original or quoted tweets. Retweet networks
were analyzed as they are found on aggregate to better reflect
agreement among users and thus represent an ideological
community on issues such as vaccination [45]. Second, we used
a Louvain modularity method to classify subclusters of
web-based communities in the resulting social network [46].
This method was chosen because the algorithm was designed
to accurately detect subcommunities within large networks and
operate fast computationally. Third, the social network analysis
map also illustrated a strong polarization of the subclusters.
Through this polarization and the identification of primary
influencers within a subcommunity, the vaccine-confident
(n=234,015) and vaccine-hesitant (n=95,908) web-based
communities were identified. The primary influencers were
detected by measuring the degree centrality, which is the
measure of the number of connections each user has within the
network. Thus, the accounts with the highest measure of degree
centrality were categorized as primary influencers, as a high
degree centrality demonstrates a high number of connections
an account has within the network. These primary influencers,
along with the content of the account’s bio descriptions and
tweets, were qualitatively studied to examine their expressed
positions regarding HPV vaccination. Edge list was constructed
using Python, and the retweet social network analysis was
conducted using Gephi- (Gelphi, version 0.9.2) [47].

Scientific Literature Sharing Network Analysis
From the vaccine-confident and vaccine-hesitant data sets, we
identified tweets that either mentioned or shared scientific
literature through a Boolean search for tweets with an embedded
http secure link or any of the select list of words (“paper,”
“article,” “research,” “scientific,” “peer review,” “literature,”
“scientists,” “study,” and “report”) [48]. This filter identified
220 papers from the vaccine-confident community and 30 papers
from the vaccine-hesitant community. The titles of or links to
these papers were extracted from the data set along with
associated metrics such as number of shares for further analysis
(as described in the Data Analysis section). We identified the
top 20 most shared scientific publications in these respective
communities. We chose to identify the top 20 most shared
scientific publications due to the proportion of shares that these
papers had—accounting for >97% of shares in the

vaccine-hesitant community and approximately 61% in the
vaccine-confident community. Then, we repeated the social
network analysis steps by creating a retweet network of accounts
sharing the top 20 prominent scientific publications within the
vaccine-confident and vaccine-hesitant communities. The edge
list for the vaccine-confident community comprised 989 nodes
and 1013 edges, whereas the vaccine-hesitant group had 355
nodes and 422 edges. The primary influencers in this network
were again identified using degree centrality measures, and we
qualitatively analyzed these accounts on Twitter through their
Twitter bio descriptions. The social network analysis of the
scientific papers was conducted using Gephi (version 0.9.2)
[47].

Typology of Evidence for Thematic and Critical
Appraisal
Overall, 2 members of the research team (GJP and NF) with
subject area expertise in HPV immunization independently
reviewed all scientific papers from each network using a
typology of evidence, proposed by Gray [49], based on the
suitability of the study design for the research question posed.
This typology was determined to be the most appropriate and
feasible approach to critically appraise the scientific papers
because it allowed for the ability to schematically differentiate
between diverse study designs (from in vivo to clinical trials
and reviews). First, we classified the objective, research
question, or aim of the study based on 9 categories that were
used to classify research papers based on the typology by Gray
[49] (presented in the first column of Table 1). Next, we
classified each paper according to the study design. On the basis
of these 2 metrics, a score ranging from 0 to 2 was assigned to
each paper, where 0 indicates the least appropriate study design
for the research question posed and 2 indicates the most
appropriate design for the research question posed (refer to
Table 1 for details about the scoring of the typology of
evidence). The same 2 members of the research team compared
their classifications and scoring, and if consensus could not be
reached, a third member of the research team (LKAS) made the
final decision. In addition, we extracted information about the
characteristics of the paper (study design, research question, or
objective), journal (journal name and year published), and author
(names, affiliations, and conflicts of interest; refer to Multimedia
Appendices 1 [50-70] and 2 [52,71-89] for results of the top 20
most shared papers obtained from the vaccine-confident and
vaccine-hesitant communities). These data were used to conduct
bibliometric analyses of the journal and descriptive analysis of
the research content shared by each community, which are
further described in the following sections.
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Table 1. A typology of evidence (example questions in columns refer to human papillomavirus [HPV] vaccination for the prevention of cancer) based
on appropriateness of study design for the research question posed (adapted from the papers by Gray [49] and Petticrew and Roberts [90]).

Scoping re-
views and
narrative
reviews

Nonexperimental
evaluations

Quasi-experi-
mental studies

RCTsaCohort
studies

Case-control
studies

Cross-section-
al survey

Qualitative
research

In vivo
and in
vitro
studies

201210000Effectiveness (does
this work? does do-
ing this work better
than doing that?)

210000120Process of service
delivery (how does
it work?)

200000220Salience (does it
matter?)

211211010Safety (will it do
more harm than
good?)

211100120Acceptability (will
the focus population
be willing to or want
to take up the HPV
vaccine?)

200200000Cost-effectiveness
(is it worth deliver-
ing this service?)

100000220Appropriateness (is
this the right service
for this population?)

000011220Satisfaction with the
service (is this popu-
lation satisfied with
the service?)

000000001Basic science (what
is the cellular mecha-
nism of action?)

aRCT: randomized controlled trial.

Bibliometric Indicators
Traditionally, the prestige and quality of a journal was evaluated
using citation metrics such as impact factor [91]. In the past
few years, as assessment of scientific information has grown
exponentially, new tools have been developed to capture the
visibility and reach of web-based scientific information.
Examples of these alternative metrics or altmetrics include likes,
shared tweets, and retweets [92]. To compare traditional
scholarly measures of quality to altmetrics, we collected data
about the number of times the paper was shared by each vaccine
community and the impact factor of the journal the paper was
published in. We also collected data about the number of
citations each shared paper had received through Google
Scholar. Given that citations are impacted by the length of time
since publication, we used the SCImago Journal Ranking (SJR)
indicator, which provides a weighted average score that remains
consistent each year and accounts for the prestige of the citing
journal and the differences across subject fields, allowing for
more equal comparisons across subject fields [93]. Each paper
was assigned an SJR indicator, where a lower score indicates

lower-ranking journals and higher scores indicate higher-ranking
journals [94]. Journals that were not indexed in the Scopus
database were not assigned an SJR score and were marked as
missing in our database. These metrics were used to assess the
influence of the shared papers in scientific research and the
prestige of the journal the shared papers were published in.

Data Analysis
Once these bibliometrics and typology-of-evidence scores were
collected in a data set, basic descriptive results of these 4 metrics
(number of shares on Twitter, number of citations, impact factor,
and typology of evidence score) were calculated using median
and IQR, given their skewed distributions. We also performed
the Mann-Whitney U test, given the nonnormal distribution of
these data [95], to determine whether there were statistically
significant differences in the 4 indicators between the papers
shared in the vaccine-hesitant and vaccine-confident
communities. The four indicators examined were (1) the number
of shares that the original tweet sharing the publication on
Twitter received, (2) the SJR score of the journal the paper was
published in, (3) the number of citations the paper received, and
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(4) the typology of evidence score that the paper received.
Statistical significance was determined using P value <.05.
Effect size was calculated using Cohen d, where a standardized
difference of 0.2 indicates a small difference, difference of 0.5
indicates a medium difference, and difference of 0.8 indicates
a large difference [96]. All data analyses were conducted using
SAS Studio (SAS Institute, version 3.6).

Results

Overview
In total, 250 scientific papers (n=30, 12% in the vaccine-hesitant
community and n=220, 88% in the vaccine-confident
community) shared between January 2019 and May 2021 were
identified. These papers received a combined total of 2247
shares on Twitter, with 562 (25.01%) shares for vaccine-hesitant
papers and 1685 (74.99%) shares for vaccine-confident papers.
On average, vaccine-hesitant papers received approximately
19.2 (SD 35.6) shares, whereas vaccine-confident papers
received approximately 7.7 (SD 30.5) shares. Of these 250
scientific papers, the top 20 most shared papers from each
vaccine community were used to produce a social network map
of all tweets interacting with or sharing scientific papers about
the HPV vaccine on Twitter (Multimedia Appendix 3).

Vaccine-Hesitant Social Network
Figure 2 presents the social network of all tweets sharing or
interacting with tweets discussing scientific papers among the
vaccine-hesitant community. As can be seen in Figure 2, the
retweet network of scientific literature in the vaccine-hesitant
community can be categorized into 5 distinct subclusters.
Accounts associated with the red cluster shared papers focusing
on the safety and ethical considerations around vaccination,
with a journalist from a conservative news network emerging
as the most influential account holder in this cluster. The most
commonly shared paper in this cluster was a case study about
the safety of the HPV vaccine in the context of alleged adverse
reactions to the HPV vaccine in Japan [50]. In the light green
cluster, 1 particular influencer, whose account was later
suspended by Twitter, was similarly influential by sharing a
paper focused on the effectiveness of HPV vaccination in the
prevention of cervical cancer, namely, a widely circulated
review paper about this topic [51]. Leading accounts linked to
the orange cluster and the dark green cluster were personal user
accounts, and both shared the same paper as the light green
cluster, calling into question the efficacy of the HPV vaccine
in the prevention of cervical cancer.

Figure 2. Network analysis of the vaccine-hesitant community sharing scientific research on Twitter. HPV: human papillomavirus.

The orange cluster of the vaccine-hesitant community circulated
a retracted paper, which alleged that HPV vaccines affected the
vaccine recipients’ fertility and focused on safety [52].
Furthermore, the orange cluster’s location in the network (ie,
adjacent to the light green cluster) suggests social influence and
connection between the 2 clusters. In contrast, there was little
interaction between the accounts in the light green cluster and
the dark green cluster, suggesting that the influential accounts

in these clusters independently found the same scientific
literature and circulated it among a relatively isolated cohort of
users. Finally, in the blue cluster, a European support group for
those who had experienced vaccine injuries was the leading
influential account, whereas a medical society’s account that
published a widely shared paper in this cluster [51] was an
account of secondary influence. Again, the influential accounts
in this cluster shared scientific papers, which were retweeted
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by accounts that are more peripheral to the central clusters of
influential accounts. The primary scientific paper circulated
among users in this cluster focused on the theme of safety of
the HPV vaccine by measuring the serum levels of
autoantibodies in a cohort of girls who had possible adverse
reactions following the receipt of the HPV vaccine [53].

Vaccine-Confident Social Network
The retweet network of scientific research shared among the
web-based vaccine-confident community can similarly be
divided into 5 distinct subclusters, as shown in Figure 3. The
red cluster primarily included users retweeting literature from

the British Medical Journal. There were 2 main papers
circulated in this cluster, both of which focused on the
effectiveness of the HPV vaccine. The first was a retrospective
population study about the efficacy of the HPV vaccine in the
prevention of cervical cancer in Scotland, focusing on the theme
of satisfaction with service [71], whereas the second was an
observational study about the outcomes of HPV screening in
high-risk populations in England [72]. In the orange cluster, we
observed a similar influence exerted by a government-funded
public health agency, which shared a popular paper about
effectiveness, focusing on the potential of the HPV vaccine to
lower the risk of cervical cancer in a cohort population [73].

Figure 3. Network analysis of the vaccine-confident community sharing scientific research on Twitter. HPV: human papillomavirus.

In the red, orange, and dark green clusters, there were physicians
and health care workers among the users who retweeted
influential tweets. For example, in the orange cluster, 1
particularly influential physician circulated an editorial paper

about the effectiveness of the HPV vaccine, which indicated
that high HPV vaccine coverage could eradicate cervical cancer
within a few decades [74]. A science correspondent for a
pre-eminent American newspaper was the leading influencer
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in the light green cluster wherein the primary paper circulated
was an editorial, also focused on effectiveness, related to the
positive impacts of HPV vaccination in Scotland [75]. Finally,
in the blue cluster, a leading cancer prevention researcher from
a British research institute was the leading influencer and author
of the scientific papers circulated. In this cluster, papers about
the psychological impacts of HPV screening [76] and the
sociodemographic correlates of cervical cancer risk among those
who did not participant in cervical screening programs in the
United Kingdom [77] were recirculated by the accounts
influenced by the leading researcher. Unlike the other clusters,
health care workers were not overrepresented in the light green
and blue clusters.

Overall, results from the vaccine-confident community suggest
that health care, scientific, and news media communities are
operating in closed systems. As we can see in Figure 3, there
are relatively few bridging connections among the different
communities discussing influential HPV vaccination literature
in the vaccine-confident space. In contrast, the vaccine-hesitant
space (Figure 2) is a more cohesive and tightly connected
community, suggesting that there are stronger knowledge flows
between subclusters in this group. Twitter accounts in the
vaccine-hesitant community appear to be more efficient in
sharing information than the more fragmented vaccine-confident
community (Multimedia Appendix 3). Furthermore, the

vaccine-hesitant Twitter accounts are more effective in
communicating the results and research of interest to one
another, whereas those in the vaccine-confident space appear
to struggle to disseminate the research of interest beyond their
personal and professional communities. These findings are
supported by the descriptive statistics presented later in the
paper, which indicated that while the vaccine-confident
community shares far more scientific papers than the
vaccine-hesitant community, the scientific literature shared by
the vaccine-confident community received far fewer shares per
paper despite being published in higher-ranked journals.

Typology of Evidence and Bibliometric Analysis
Table 2 presents the distribution of typology of evidence
categorized by vaccine community type. Most of the scientific
papers shared by the vaccine-hesitant community focused on
safety (16/30, 55%) or effectiveness (8/30, 28%), exemplifying
the key concerns legitimizing vaccine hesitancy. The
vaccine-confident community shared papers related to a wider
range of research themes, the most common being papers that
focused on basic science (56/220, 25.7%), effectiveness (55/220,
25.2%), acceptability (49/220, 22.5%), and salience (38/220,
17.4%). While the level of focus on effectiveness was similar
between the 2 communities, there was very little overlap in the
specific papers selected for sharing.

Table 2. Description of the typology of evidence of all papers shared on Twitter categorized based on vaccine-confident and vaccine-hesitant communities.

Vaccine-hesitant community (N=30), n (%)Vaccine-confident community (N=220), n (%)

8 (26.7)55 (25)Effectiveness

16 (53.3)12 (5.5)Safety

1 (3.3)4 (1.8)Process of service delivery

0 (0)1 (0.5)Satisfaction with the service

1 (3.3)38 (17.3)Salience

1 (3.3)49 (22.3)Acceptability

0 (0)5 (2.3)Cost-effectiveness

3 (10)56 (25.5)Basic science

Table 3 presents the descriptive statistics about the 4 metrics
for all the scientific papers shared by vaccine-confident
(220/250, 88% papers) and vaccine-hesitant (30/250, 12%
papers) communities. The 4 metrics described in Table 3 are
the median shares per paper, the median number of citations
each shared paper received, the median SJR score of the journal
that published each shared paper, and the median typology of
evidence score. Table 3 also presents the results from the
Mann-Whitney U test. Tweets containing scientific papers
shared by the vaccine-confident community received a median
of 3 shares, compared to a median of 4 shares by the
vaccine-hesitant community. Results from the Mann-Whitney
U test indicate that there are statistically significant differences
(P=.01) in shares of tweets containing papers about HPV
vaccination between the vaccine-hesitant and vaccine-confident
communities and that this difference is small (Cohen d=0.37).
Scientific papers shared by the vaccine-confident community
received a median of 13 citations compared to a median of 17

citations for the scientific papers shared by the vaccine-hesitant
community. We did not find evidence of statistically significant
differences in the number of citations received by papers shared
between the vaccine-confident and vaccine-hesitant
communities. Scientific papers shared by the vaccine-confident
community received a median SJR score of 1.83 compared to
a median score of 0.84 for the papers shared by the
vaccine-hesitant community. Results from the effect size
calculation found this to be a medium standardized difference
(Cohen d=61). The Mann-Whitney U test also found evidence
of statistically significant (P<.001) differences in SJR scores
of the HPV-related papers shared between the vaccine-confident
and vaccine-hesitant communities. Finally, scientific papers
shared by both the vaccine-confident and the vaccine-hesitant
communities received a median typology of evidence score of
1, and results from the Mann-Whitney U test did not find
evidence of a statistically significant difference.
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Table 3. Results from the Mann-Whitney U test for shares, number of citations, SCImago Journal Ranking (SJR), and typology of evidence score
categorized based on human papillomavirus vaccine-confident and vaccine-hesitant communities.

Effect size (Cohen d)P valueVaccine-hesitant community
(n=30), median (median)

Vaccine-confident community
(n=220), median (IQR)

0.37.0074 (2.0-15.0)3 (1.0-6.5)Shares

0.19.2817 (9.0-44)13 (5.0-75.0)Number of citations

0.61<.0010.84 (0.68-1.30)1.83 (1.25-3.44)SJR

0.14.221 (1.0-1.0)1 (0.0-10)Typology of evidence

Discussion

Principal Findings
The increase in the volume of scientific publications shared on
the web [13] and the growth of open-access scientific publishing
[16] have created an environment of greater access to scientific
literature among lay audiences. However, little is known about
how scientific literature is being incorporated into web-based
communication strategies of vaccine-confident and
vaccine-hesitant communities. Our study examined how
scientific literature focusing on the HPV vaccine is being shared
by vaccine-hesitant and vaccine-confident networks on Twitter.
We found that despite the increased quantity of scientific
literature being shared, such literature is often used by the
vaccine-hesitant community to proliferate misinformation about
vaccination, which is amplified in a web-based environment
such as Twitter. Therefore, Kata [97] has described four key
tactics that are used by the antivaccination movement to spread
their messages on the web: (1) skewing the science, (2) shifting
the hypotheses, (3) censorship, and (4) attacking the critics. A
study conducted by van Schalkwyk et al [17] demonstrated that
vaccine-hesitant groups are strategic in their use of scientific
literature on social media to amplify uncertainty about vaccine
safety and that vaccine-hesitant accounts who use large arsenals
of scientific literature play important roles in dissemination of
information across multiple communication networks. Findings
from our thematic analysis of the papers shared by the
vaccine-hesitant networks confirm this. Our study also found
that the vaccine-hesitant community was much more likely to
share scientific publications that questioned the safety and
effectiveness of the HPV vaccine, whereas the vaccine-confident
community shared scientific publications on a wider range of
topics. This aligns with the tactic of skewing the science
(identified by Kata [97]), which focuses on criticizing scientific
studies while simultaneously calling for more studies,
particularly focusing on the need for randomized controlled
trials that compare vaccinated children and unvaccinated
children. Moreover, most of the papers shared by the
vaccine-confident community focused on basic science (ie, in
vitro or in vivo studies), and this focus lowered the typology of
evidence score of the vaccine-confident community, while
failing to contribute to a unified message in the
vaccine-confident community.

Furthermore, the quality of journals that published the papers
shared in these communities varied markedly. The scientific
publications shared by the vaccine-confident community were
significantly more likely to be published in higher-ranked

journals and therefore obtained higher SJR scores, compared
with those shared by the vaccine-hesitant community. Other
researchers have found that critical appraisal is often absent
when vaccine-hesitant individuals share “scientific evidence”
on the web, which often includes citations that blur the line
between legitimate scientific publications and fraudulent studies
[98]. However, there is little evidence of communication across
networks, despite repeated calls from public health
communication experts to prebunk and debunk vaccine
misinformation on the web [99,100]. Notably, both communities
share a retracted paper, but their framing of the paper varies.
The vaccine-confident community mocks the paper for its
outlandish claims, whereas the vaccine-hesitant community
highlights the findings as if they were accurate. This highlights
2 issues. First, despite not supporting the findings of the
retracted paper, the vaccine-confident community still shared
the paper, thus amplifying its reach. Second, the vaccine-hesitant
communities’ definition of “scientific evidence” does not align
with accepted norms, as retracted papers can no longer be
considered part of the scientific evidence base.

Vaccine-hesitant groups have been shown to co-opt the
perceived authority of professional sources (eg, WebMD and
the American Medical Association) to bolster their claims, even
when the associated evidence does not support their arguments
[101]. Interestingly, past studies have shown that while both
groups point out knowledge deficits in their counterparts and
attempt to correct misinformation by offering alternate sources
of evidence, vaccine-confident groups have been shown to
infrequently cite scientific evidence to correct misinformation
or present counterarguments in web-based forums [102].
However, our analysis shows that the vaccine-confident
community often shares scientific literature on the web as a
form of self-promotion or knowledge translation, rather than as
a tool to counter misinformation or correct misinterpretations.

Consequently, consistent with others in this field, we suggest
that vaccine researchers should take a more active role in the
HPV-related conversations that are occurring on the web,
beyond simply promoting their own studies and instead
countering misinformation and disinformation on the web [103].
Researchers and practitioners hoping to meaningfully contribute
to the conversation about HPV vaccination on the web should
explore training in science communication and social media
engagement strategies, including the monitoring and correcting
of public misinterpretation of their studies on various social
media platforms [103,104]. Studies show that the way in which
health information is communicated affects recipients’
perception of it, with transparent communication fostering trust
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in health authorities and reducing the proliferation of
conspiratorial beliefs [105].

Limitations
While Twitter provides us with a large body of unfiltered
discussions to examine, the use of Twitter is not universal, and
younger individuals (aged 18-29 years) and minority groups
tend to be overrepresented on Twitter [20,24]. Therefore, while
this analysis is not universal for all demographics, such as those
who do not use Twitter as a social media platform, it provides
opportunities to collect information about the health opinions
held by members of several priority populations. While this
study provides a way of studying web-based social interaction,
further studies are needed to understand vaccine hesitancy
among the general population who may not use Twitter.

The creation of the data set of HPV-related and HPV
vaccine–related tweets was based on 3 commonly used hashtags
derived from a rapid review of published papers; therefore, there
is the potential that we missed some tweets that also discussed
HPV and HPV vaccine but were not captured by these hashtags.
In addition, we extracted a variety of metrics about the papers
and journals included in our data set, but given the wide
variation in study design among the extracted papers, conducting
a formal critical appraisal of quality was unfeasible for this
project and is an area for future study. Furthermore, this study
did not measure the engagement rate of tweets, which is a new
analytic metric offered by Twitter and is calculated by dividing
the number of engagements (ie, total number of times a user
interacted with a post including retweets, replies, likes, and
follows) by the number of impressions (ie, number of times a
user is shown a particular post in their timeline or search results).
It should be reinforced that the number of shares of a tweet is
not equivalent to the impact of the content shared.

Another limitation is that one of the metrics collected in our
study was the number of citations each paper had received, for
which we chose to use the “cited by” count provided by Google
Scholar. While there has been criticism about the cited by
metrics provided by Google Scholar due to double counting of
citations from published journals and other sources [51], Google
Scholar covers a larger breadth of sources (eg, conference papers
and book chapters) than alternative platforms such as Web of
Science [106]. Finally, the time frame we selected to collect
tweets for this study, that is, January 2019 to May 2021, presents
a limitation. We chose to expand our data collection to 2021 to
allow us to acquire a sufficiently large data set, because the
COVID-19 pandemic began shortly after the start of our data
collection period. With the emergence of the COVID-19
pandemic, health discussions on Twitter became heavily focused
on COVID-19 instead of other topics, including HPV
vaccination. We ultimately extended our data collection time
frame beyond our original timeline to provide us with a
sufficiently large corpus of tweets to analyze. Given the unique
period of data collection (ie, before and during the COVID-19
pandemic), which influenced the quantity of discussion about
non–COVID-19 topics, the generalizability of these findings is
reduced. Our experience in collecting these data over the course
of the COVID-19 pandemic has been explored further in another
publication, where we examined the attitudes and sentiment on

Twitter toward HPV vaccination amidst the context of the
pandemic [107].

Strengths
This study contributes to the growing body of knowledge about
the discussions about HPV immunization in web-based settings
by using novel mixed methods to identify what papers about
HPV and HPV vaccine are being shared on the web and how
vaccine-confident and vaccine-hesitant communities are using
this knowledge in their web-based communication strategies.
Our study demonstrates that vaccine-hesitant communities are
using strategies of scientific authority by presenting them as
“scientific evidence” on Twitter, regardless of the quality of the
papers themselves. Vaccine-confident communities do not
appear to be sharing papers to build consensus, rather they share
their scientific studies. These findings are relevant to health
communication experts who aim to combat vaccine
misinformation and disinformation on the web by providing
them with concrete examples of papers used to create distrust
in HPV vaccines. Moreover, HPV researchers and health
promotion organizations that use Twitter might find these results
helpful in crafting a more deliberative knowledge translation
strategy.

Our study has several strengths. First, we used a large body of
data from Twitter to track near–real-time conversations about
HPV vaccination on the web. Twitter, in its previous iteration,
was one of the largest and most popular social media platforms
and was seen as a preferred source of public opinion data for
applied public health research due to the following features: (1)
quick processes for collecting data sets, (2) low costs for data
collection, (3) ability to monitor trends over time, and (4) ability
to avoid researcher biases that are inherent to the design and
delivery of traditional research tools such as surveys [21,24].
Therefore, this data set provided us access to a large number of
unfiltered discussions from populations that are traditionally
difficult to access through conventional data collection methods.

Next, our use of social network analysis allowed us to examine
how scientific literature is shared and its connection within
wider networks representing communities of interest. Thus, we
were also able to identify key influencers within networks who
potentially act as leverage points to amplify future health
communication campaigns, while also shedding light on the
density of vaccine-hesitant influencers compared to
vaccine-confident influencers within the respective social
networks. Finally, while the vaccine-hesitant community has
attempted to use or distort scientific literature to support their
viewpoints for a long time, to the best of our knowledge, this
is the first study to examine how scientific evidence has been
used and shared on the web by comparing both vaccine-hesitant
and vaccine-confident web-based communities in discussions
specifically related to the HPV vaccine.

Conclusions
Many of the communication strategies initially used by health
promotion communities, including the use of the logical fallacy
such as appealing to scientific authority and scientific
knowledge, appear to have been co-opted by the vaccine-hesitant
community and are being used to create controversy by focusing
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on questions about the effectiveness and safety of the HPV
vaccine. While the scientific literature shared within these
vaccine-hesitant communities is often published in lower-ranked
journals, they deliver a substantially more successful,
coordinated strategy when it comes to communicating about
HPV vaccine on Twitter, compared to the vaccine-confident
communities. By widely sharing a curated selection of scientific
publications among like-minded individuals, the vaccine-hesitant
community members’ communication around the HPV vaccine
yields much more interaction (ie, shares and retweets) than is
observed in the vaccine-confident community’s efforts to
disseminate research findings. While the scientific literature
shared by members of the vaccine-confident community is

published in higher-ranked journals, these papers receive far
fewer interactions and have lesser reach on Twitter.

While the vaccine-hesitant community has successfully
incorporated communication tools that were traditionally
wielded by health promotion communities to advance their
agenda, the web-based vaccine-confident community could
benefit from paying attention to their dissemination techniques
for using web-based platforms such as Twitter to amplify their
messaging. However, it is crucial that the vaccine-confident
community’s messages ultimately be transmitted in a manner
that fosters long-term trust and credibility, which stems from
accurate and transparent communication.
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Abstract

Background: Prenatal alcohol exposure represents a substantial public health concern as it may lead to detrimental outcomes,
including pregnancy complications and fetal alcohol spectrum disorder. Although UK national guidance recommends abstaining
from alcohol if pregnant or planning a pregnancy, evidence suggests that confusion remains on this topic among members of the
public, and little is known about what questions people have about consumption of alcohol in pregnancy outside of health care
settings.

Objective: This study aims to assess what questions and topics are raised on alcohol in pregnancy on a web-based UK-based
parenting forum and how these correspond to official public health guidelines with respect to 2 critical events: the implementation
of the revised UK Chief Medical Officers’ (CMO) low-risk drinking guidelines (2016) and the first COVID-19 pandemic lockdown
(2020).

Methods: All thread starts mentioning alcohol in the “Pregnancy” forum were collected from Mumsnet for the period 2002 to
2022 and analyzed using qualitative content analysis. Descriptive statistics were used to characterize the number and proportion
of thread starts for each topic over the whole study period and for the periods corresponding to the change in CMO guidance and
the COVID-19 pandemic.

Results: A total of 395 thread starts were analyzed, and key topics included “Asking for advice on whether it is safe to consume
alcohol” or on “safe limits” and concerns about having consumed alcohol before being aware of a pregnancy. In addition, the
Mumsnet thread starts included discussions and information seeking on “Research, guidelines, and official information about
alcohol in pregnancy.” Topics discussed on Mumsnet regarding alcohol in pregnancy remained broadly similar between 2002
and 2022, although thread starts disclosing prenatal alcohol use were more common before the introduction of the revised CMO
guidance than in later periods.

Conclusions: Web-based discussions within a UK parenting forum indicated that users were often unclear on guidance and
risks associated with prenatal alcohol use and that they used this platform to seek information and reassurance from peers.

(JMIR Infodemiology 2024;4:e58056)   doi:10.2196/58056
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Introduction

Background
Prenatal alcohol exposure (PAE) can lead to several detrimental
outcomes, such as fetal alcohol spectrum disorder (FASD) [1]
and developmental effects on both physical [2] and mental
health [3]. In addition, those with FASD have a higher risk of
experiencing problems in school, getting into trouble with the
law, and having problems with alcohol and illicit drug use [4].
FASD has been mentioned in research since the early 1970s
[5], and it is a complex diagnosis with a high rate of comorbidity
[6], usually requiring a multidisciplinary team to diagnose it
[7]. Estimates have shown that, on average, 9.8% of women
worldwide consume alcohol in pregnancy, and in the United
Kingdom, 40.1% of women report consuming alcohol in
pregnancy, ranking the United Kingdom as having the fourth
highest prevalence of PAE in the world [8]. It has been shown
that approximately 8 in 1000 individuals have FASD in the
general population globally, with the European region having
a prevalence of approximately 20 in 1000, with approximately
1 in 13 children being born with FASD after PAE [9]. Estimates
show that 1 in 67 pregnant women consuming alcohol gives
birth to a child with fetal alcohol syndrome (the dysmorphic
subtype of FASD) [8]. While there is strong evidence that high
levels of PAE can be harmful, evidence on the effects of low
to moderate PAE has been less conclusive. Uncertainties
surrounding the risk of harm at low levels of PAE, coupled with
conflicting messages from health professionals on low-moderate
PAE, have been cited as reasons why some people choose not
to abstain and for ongoing confusion about the risks of PAE
[10]. Nevertheless, studies that have used robust methods to
support causal inference have found that low-moderate levels
of PAE can lead to adverse perinatal, physical [11], and
developmental outcomes [12,13] and that apparent null and
protective effects of PAE are likely due to residual confounding.
Consequently, a recent review concluded that “any amount of
prenatal alcohol exposure appeared to risk healthy child
development” [14].

Previously, there was a consensus that UK guidelines on alcohol
in pregnancy could be confusing because there was no clear
recommendation [15]. In earlier guidelines, the National Institute
for Health and Care Excellence stated that pregnant women
should avoid alcohol in the first 3 months of pregnancy, and if
they choose to drink, they should not drink more than 1 to 2
units twice per week [16]. In 2016, the UK Chief Medical
Officers (CMOs) changed the guidelines to advise “if you are
pregnant or planning a pregnancy, the safest approach is not to
drink alcohol at all” [17]. This change of guidelines caused
much debate. While some welcomed the introduction of the
revised guidelines [18], others claimed that the new guidelines
would lead to women having feelings such as guilt and anxiety
if they were consuming alcohol during pregnancy [19]. Pregnant
women feel there are too many guidelines to follow, arguably
leading to increased stress [20]. It has also been expressed that
pregnancy can lead to a perceived lack of agency and control
[21] in this context, and the abstinence guideline can be
perceived as “policing women” [22]. A study conducted in
Denmark, a country with similar estimates of PAE as the United

Kingdom, evaluated both knowledge and attitudes toward
alcohol in pregnancy before and after their guidelines changed
to advising women not to drink during pregnancy and showed
no changes in either knowledge or attitudes [23].

Furthermore, the concept of abstaining from alcohol during
pregnancy is not always clear, with some women experiencing
confusion about, for example, whether food containing alcohol
is safe or whether it is acceptable to consume so-called no- or
low-alcohol (NoLo) products [20].

There is little research on the experiences and attitudes toward
alcohol in pregnancy among the UK general population. This
is particularly true for research on conversations in more
informal and “naturalistic” settings, such as those on social
media platforms. Within the context of the changed guidelines
on alcohol in pregnancy and ongoing debates, a gap emerged
in understanding informal dialogues, notably during events such
as the COVID-19 pandemic. As concerns heightened regarding
increased alcohol intake during pregnancy amid the lockdown,
the need for research on the correlation between COVID-19
pandemic–related anxieties and evolving attitudes toward
alcohol during and after the lockdown became apparent. In
March 2020, the United Kingdom experienced its first lockdown
[24]. This led to millions of people having to change how they
lived, with everything from how to visit the midwife to having
to give birth without their partners and loved ones present [25].
There was also the worry that people with alcohol dependence
would not get the help they needed while the society was shut
down [26]. In addition, there was a concern surrounding a
potential increase in the level of alcohol consumption during
pregnancy due to the stress and anxiety that the lockdown
brought to many people [27]. Research has suggested that the
shifts in drinking habits during the COVID-19 pandemic could
have lasting effects on alcohol-related harm in the future for
the general population in England [28]. However, to this date,
there has been limited evidence supporting any relationship
between COVID-19 concerns and increased alcohol
consumption during pregnancy [29]. Therefore, more research
is needed to examine the potential change in attitudes toward
alcohol in pregnancy after the COVID-19 pandemic lockdown.

Many pregnant women use the internet to search for information
related to their pregnancy [30]. A recent study showed that as
many as 44% of new mothers used social media to keep in
contact and communicate with others in the same situation [31].
Mumsnet [32] was founded in early 2000 and is one of the most
prominent web-based forums for parents in the United Kingdom,
with approximately 7 million monthly visitors [33]. Mumsnet
was initially created as a web-based space where people could
ask for and give advice and share knowledge to make parents’
lives easier [33]. While Mumsnet is open to anyone, it has
previously been described as having a majority of middle-class
and university-educated users [34]. Because many people use
social media and the internet to seek health information [35]
and to find support during pregnancy [30], Mumsnet presents
an excellent opportunity for researchers to capture the
unmediated opinions and thoughts about alcohol during
pregnancy. The forum has previously been used to address topics
such as breastfeeding [36], regretting motherhood [37], and
maternal feelings [38]. Therefore, with the use of Mumsnet
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thread starts, this study will explore what topics related to
alcohol during pregnancy are discussed and if their nature has
changed since the start of Mumsnet in 2002, with the change
of CMO guidelines in 2016 and the COVID-19 pandemic as
key time points for comparison.

Aims and Objectives
Given that social media and the internet can be used by those
seeking to gain real-time insight into people’s behaviors and
attitudes as well as to identify how people perceive public health
messages [39], this study aimed to explore what issues and
topics are raised with regard to alcohol use in pregnancy in
web-based parenting forums. In addition, it aimed to explore if
there has been a change in the different issues and topics with
respect to 3 time points: before the implementation of the current
CMO low-risk drinking guidelines, after the implementation of
the CMO guidelines, and after the first COVID-19 pandemic
lockdown.

The specific research questions in this study were as follows:

• What topics relating to alcohol in pregnancy are raised on
web-based parenting forums?

• Have these topics changed in content or volume with respect
to 3 time points: before the implementation of the current
CMO guidelines, after the implementation of the CMO
guidelines, and after the first COVID-19 pandemic
lockdown?

Methods

Data Source
Mumsnet allows members to post anonymously on the forum
called “Mumsnet Talk.” Talk consists of different subforums
(eg, the “Pregnancy” subforum). Mumsnet users can post thread
starts, usually by asking a question, and other users can reply
to these thread starts by adding a comment. Users are identified
by unique usernames. The forum is open for everyone to view;
however, users must be registered to post content.

Ethical Considerations
This study followed ethical guidelines for internet-mediated
research. Ethical considerations for research using social media
data differ from traditional research [40], and it is essential to
distinguish between public and private data [41]. Because
Mumsnet does not require users to log in to read the forum, and
is available to the public, it was considered public data and
informed consent was not required [42]. To support anonymity
in our study, we have not included usernames and endeavored
to remove personally identifiable information from the data
during the cleaning process. We excluded thread starts in which
the user stated that they were aged <18 years. In line with the
British Psychological Society guidance [43], direct quotes were
not reproduced in this study, and all quotes have been
paraphrased.

A favorable ethical opinion was obtained from the School of
Psychological Science Research Ethics Committee at the
University of Bristol in August 2023 (ethics approval code
14455).

Search Strategy
Data were collected through web scraping code by authors NFF
and YM. The data were collected from the “Pregnancy” topic
in the “Talk” part of Mumsnet and included original thread
starts that mentioned alcohol in the title or text. Duplicate thread
starts and threads unrelated to alcohol use during pregnancy
were removed manually. After web scraping, thread starts were
stored in an Excel (Microsoft Corp) file with information on
the username, date and time of the thread start, and the thread
start itself.

Data Analysis
Thread starts were analyzed in 3 groups according to the time
and date in which they were posted: “Pre-CMO recommendation
update,” before the introduction of revised low-risk drinking
guidelines in 2016 (August 24, 2002, to January 7, 2016);
“Post-CMO recommendation update,” after the change of
guidelines (January 8, 2016, to March 22, 2020); and
“Post–COVID-19 Pandemic Lockdown,” from the first
lockdown in the United Kingdom up until the last date of the
data collection (March 23, 2020, to November 12, 2022). A
content analysis was conducted following the steps described
in the study by Elo and Kyngäs [44]. This approach was
appropriate as the aim of the study was to map the landscape
of discussions on alcohol in pregnancy on Mumsnet, including
patterns and time trends in people’s views and experiences.

NFF read the thread starts, became familiarized with the data,
and applied preliminary code labels to organize the data. An
inductive approach was used because little is known about how
mothers use web-based forums to discuss alcohol and pregnancy.
Categories were generated after finding patterns among the
codes to better understand the data [44]. Throughout the process,
the categories were reviewed and refined. During each step of
the analysis, both codes and categories were discussed among
the researchers NFF, JB, AA, LZ, and CM and refined
accordingly. We used descriptive statistics to describe the
proportion of thread starts for each category for each of the
prespecified periods. The analysis workflow is based on the
process outlined in the study by Elo and Kyngäs [44].

Results

Overview
The web scraping resulted in 803 thread starts, which, after
eliminating duplicates and irrelevant thread starts, resulted in
395 thread starts included in the analysis. Multimedia Appendix
1 provides an overview of the 9 categories and each code within
them, together with the number of times the categories appear
in each period. Although the categories are presented separately,
some overlap does exist.

The results show that while the categories of Mumsnet thread
starts relevant to alcohol use in pregnancy remained broadly
similar over time, there were some changes in the relative
prevalence of different topics over time. Category headings,
frequencies over time, and illustrative quotes are presented in
Multimedia Appendix 1. The categories are presented in detail
in subsequent sections.
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Asking for Advice on Whether It Is Safe to Consume
Alcohol or on Safe Limits
Looking at the questions raised within this category, it became
apparent that the people posting on Mumsnet felt insecure about
whether it is safe to consume alcohol during pregnancy or if it
is safe to have a glass or 2 on a special occasion such as
weddings or birthday celebrations:

I am 30 weeks pregnant and haven’t had a single
drink but it is my friend’s wedding and I really want
to have a glass of champagne, is this ok?

Thread starts in this category also addressed the issue of not
knowing whether it is safe to eat certain foods or desserts as
they contain alcohol, for example, a tiramisu or red wine sauce:

Is it ok to eat dessert that has alcohol in it? I am in
my third trimester.

There was uncertainty around NoLo options, with questions
raised about whether a 0.5% level of alcohol is safe to consume
during pregnancy:

Is it okay to drink none alcoholic ciders? This might
be a stupid question but it does say 0.5% so is there
still alcohol in there that can hurt my baby?

Overall, 17.5% (69/395) of all the included thread starts
appeared in this category. The category saw a slight decrease
in the percentage of thread starts asking about safe limits to
drink over time. Many of the thread starts in the first period,
before the CMO recommendation update, mentioned the timing
of the pregnancy, which could be a result of the change in
guidelines.

Consumed Alcohol Before Knowing About Pregnancy
Most of the thread starts within this category showed some
expression of worry or anxiety that the thread starters had
consumed alcohol before they found out about their pregnancy.
They also sought reassurance from others who have been in a
similar situation:

I’ve just found out I’m pregnant after weeks of
unknowingly consuming alcohol and indulging in
partying. I’m feeling guilty and concerned about any
potential harm to my baby. Can anyone share their
experiences if they have been in a similar situation?

Moreover, many thread starters mentioned that they were usually
not heavy drinkers. Still, due to situations such as birthday
parties or Christmas celebrations, their alcohol intake had been
higher than usual:

I am freaking out please help. Just found out that I
am 6 weeks pregnant and have been drinking so much,
especially because of Christmas celebrations, I
promise I am usually not a heavy drinker. What
should I do? Could not live with myself if something
happens to the baby!

Some thread starters were asking if they should consider having
an abortion following an unintended PAE, even if the baby is
wanted:

Need advice since I am worrying myself sick! I am
pregnant and have been drinking because I was on
holiday (usually only have a glass of wine once a
month). Has anyone else experienced this and their
baby turned out fine? Should I just have an abortion
even if I really want this baby? How could I be this
stupid!

Overall, 28.1% (111/395) of all the included thread starts
appeared in this category. Throughout the different periods,
there is a notable increase in the percentage of thread starts
regarding the worry that they may have harmed their baby; this
worry is expressed more frequently after the revised CMO
low-risk guidelines were introduced in 2016.

Research, Guidelines, and Official Information About
Alcohol in Pregnancy
The threads started in this category were all related to research,
guidelines, and information from official sources (eg, National
Health Service) about alcohol in pregnancy. Thread starters
throughout all periods expressed that they found this information
confusing, conflicting, or untrustworthy:

It’s a bit puzzling to me. The NHS advises against it,
and I’ve come across articles saying the same, yet in
my real-life circle, many pregnant women I know
enjoy the occasional drink, even if it’s just a glass. It
got me thinking if there’s a significant gap between
official recommendations and what’s happening in
practice?

In the first period, thread starters were asking what others think
about the guidelines and also sharing information on how it is
acceptable to consume small amounts during pregnancy:

To be completely honest, there is no research showing
that it is really bad for the baby!

Some skepticism toward the guidelines can be seen in how
thread starters expressed that there is no evidence that small
amounts of alcohol in pregnancy have an adverse effect. Those
who posted in the later periods also expressed that the guidelines
were not feasible for “real people” and that they were too strict
while contending that most people do not follow them:

The internet just gives you information about that you
shouldn’t drink and that no amount is safe but surely
this is not how real people see it. I think they are just
trying to scare us with all of these rules!

Of the 395 included thread starts, 46 (11.6%) of these appeared
in this category. Closer to 17.5% (37/213) of the thread starts
in the first period (pre-CMO updated guidance) were related to
research, guidelines, and information about alcohol use in
pregnancy, but this was less frequent in the later periods with
4.9% (5/103) of the thread starts in the post-CMO
recommendation update and 5.1% (4/79) in the post–COVID-19
pandemic lockdown.

NoLo Products
This category covered conversations about the consumption of
NoLo products during pregnancy. Reasons for seeking NoLo
alternatives included not feeling left out in a group that is
consuming alcohol and also because some missed the taste of
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alcohol. The need for this type of product appeared greater
during celebrations such as Christmas and weddings:

I don’t want to feel left out at the wedding so do you
have any recommendations of what I can drink instead
of champagne?

There were also thread starters who had been consuming NoLo
options during pregnancy, assuming that these were completely
alcohol free (ie, 0.0% alcohol by volume [ABV]) and later
realized that they contained some alcohol. This was associated
with a concern that this alcohol level might have harmed their
babies, and they were seeking reassurance from others on
Mumsnet:

I am crying so much, had a couple of none-alcohol
beers and now I realised that they are 0.05%! What
if I have hurt my baby?

Of the 395 included thread starts, 52 (13.2%) of these appeared
in this category. All of the 3 periods included conversations
about alternative products to alcohol to drink during pregnancy,
and the proportions of these remained relatively stable over
time.

How to Hide Not Consuming Alcohol to Conceal
Pregnancy?
This category reflected the worry thread starters felt regarding
how to conceal them not consuming alcohol. This was of
particular concern when they were invited to social situations
where alcohol would be available:

How can I hide that I am not drinking when we go to
the pub? With table service it’s going to be so much
harder!

Overall, 10.4% (41/395) of all the included thread starts
appeared in this category. This category saw a decrease in thread
starts discussing how to hide not consuming alcohol in
pregnancy during the post–COVID-19 pandemic lockdown
period.

Have Been Consuming Alcohol During Pregnancy But
Now Worried
The thread starts within this category mainly address the issue
of wanting reassurance that the baby will be fine although they
have been consuming alcohol during pregnancy:

I am in my third trimester and had two drinks
yesterday and now I am thinking that I might have
hurt my baby, can someone tell me that this is fine?

Some thread starters mentioned that they have been consuming
alcohol but later on read information about how alcohol can
affect the baby, and therefore regret the decision to drink:

I have just had a few glasses of wine here and there
and haven’t really thought of it but now I started
reading about FAS and I am terrified. I cannot have
an abortion since it is too late, but what should I do?

Overall, 4.3% (17/395) of all the included thread starts appeared
in this category. For this category, the proportion of thread starts
for the first period was 6.6% (14/213), the second period had a

percentage of 1.9% (2/103), and the last period had a proportion
of 1.3% (1/79), falling in this category.

Are Consuming Alcohol During Pregnancy, Not
Worried About PAE
Some of the thread starters in this category were seeking
reassurance from others on Mumsnet in which they were seeking
affirmation that consuming alcohol does not make them a bad
person or mother:

I am going for a nice meal to celebrate, but I am
worried that people will judge me if I have a drink.

Of the 395 included thread starts, 18 (4.6%) of these appeared
in this category. All the thread starts in this category appeared
in the first and second periods.

Consumed Alcohol by Mistake
This category covers those who have consumed alcohol by
mistake while eating a dessert, consuming nonalcoholic beers,
or being served alcohol without realizing and being worried
about that:

I went to the pub with my friends and ordered a
non-alcohol option but after drinking most of it I
realised that it was alcohol! Will I be ok? Freaking
out!

There was also a concern that using other products containing
alcohol, for example, a mouthwash or hand sanitizer, could have
also harmed their baby:

I have been using mouthwash throughout my whole
pregnancy but it has alcohol in it, what have I done?
So scared right now!

Overall, 6.3% (25/395) of all the included thread starts appeared
in this category. The highest percentage of thread starts in this
category occurred in the post–COVID-19 pandemic lockdown
period with 15% (12/79) of thread starts belonging to this
category. The first period had 1.9% (4/213) of thread starts
belonging to this category, and the second period had 8.7%
(9/103) of the thread starts belonging to this category.

It Is Hard Not to Consume Alcohol During Pregnancy
Although a smaller category, this category expressed a sadness
or emptiness about having to give up alcohol during the
pregnancy. Some users suggest that this could be a reflection
of the life changes that come with having a child and also feeling
left out from social situations:

I feel sad about not drinking, or maybe it’s about my
life changing so much with this new baby on its way,
am I the only one with these thoughts?

Overall, 4.1% (16/395) of all the included thread starts appeared
in this category and the proportion of this category remained
stable during the different periods.

Discussion

Principal Findings
This study sought to explore the topics relating to alcohol in
pregnancy, which are raised on a web-based parenting forum.
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Moreover, it sought to explore if these topics had changed in
content or volume, both after the change of CMO guidelines in
2016 (changing from advising women to abstain for the first
trimester and not drinking more than 1 to 2 units per week to
advising complete abstinence if pregnant or planning a
pregnancy) and after the first COVID-19 pandemic lockdown
in 2020. Through our content analysis of thread starts on
Mumsnet, the United Kingdom’s leading parenting web-based
forum, it was possible to evaluate what topics were commonly
raised with regard to alcohol consumption in pregnancy and if
and how these topics had changed over time. It is important to
note that the 3 periods span 16, 4, and 2 years.

Much of the discussion on Mumsnet was around seeking
reassurance and wanting to know if others had been in the same
situation. For example, thread starters seeking reassurance that
they have not harmed their babies by consuming alcohol before
knowing about the pregnancy and asking if others had
experienced something similar. It was evident that thread starters
were not only seeking reassurance but also wanting to obtain
information about alcohol in pregnancy both by asking for
guidelines or wanting to know if such a thing as a safe limit
exists. This brings up the risk of inaccurate information being
shared among the users on Mumsnet. According to the World
Health Organization [45], too much information and false
information could lead to worsening outcomes in terms of
health. Further research is required to investigate if this is true
for the information shared on Mumsnet. In many categories,
the results showed how thread starters were confused or worried
about safe limits, including whether it is safe or not to consume
products that may contain traces of alcohol. This is in line with
previous research, showing that the concept of abstinence is not
always clear, with confusion about, for example, if food
containing alcohol is safe or if it is acceptable to consume
nonalcohol options during pregnancy [20].

It was evident that there was a concern among the thread starters
about having consumed alcohol before they found out that they
were pregnant and that this caused stress and anxiety for some
thread starters. There is no known safe limit for alcohol
consumption during pregnancy. Some studies have shown that
there was no relationship between consuming alcohol during
the early days of pregnancy and outcomes such as low birth
weight and spontaneous preterm birth [46], while others have
suggested that alcohol consumption during the first trimester
of pregnancy can increase the risk of spontaneous abortion
[47,48]. Many of the thread starters had discussed the
consumption of alcohol with their midwives or other
professionals, but the concern remained. Previous research has
shown that there is a lack of a standardized approach to how
midwives approach the topic of alcohol consumption during
pregnancy [16]. This could indicate that there is a need for
professionals to give accurate information and at the same time
being able to reduce any anxiety and stress that alcohol
consumption could have caused. It has been suggested that
midwives should be offered training in communication skills
and in delivering alcohol interventions [16]. Reducing stress
during pregnancy is especially important as it has been reported
that stress can lead to outcomes such as low birth weight [49]
and obesity in the offspring [50]. Research has shown that there

exists a social pressure to consume alcohol, which causes a
challenge when someone wishes to conceal their pregnancy
[51]. This was also prevalent in the discussions on Mumsnet,
where thread starters wanted advice on hiding that they were
not consuming alcohol due to their pregnancy.

Our study demonstrated that the proportion of thread starts being
brought up regarding alcohol consumption has changed over
time. These temporal changes were most evident in the category
“Research, guidelines, and official information about alcohol
in pregnancy” as well as the 2 categories addressing consuming
alcohol during pregnancy. The former contains topics such as
not believing in the research carried out about alcohol in
pregnancy or sharing information on how small amounts of
alcohol are not harmful, with these all disappearing in the later
periods. One topic that appeared in all periods was how
confusing or conflicting the research or guidelines on alcohol
consumption in pregnancy were. This is in line with previous
research, showing how conflicting advice can cause stress in
pregnancy and the need for reliable information [52]. Those
who posted thread starts on Mumsnet were also expressing how
the guidelines and research were not clear, and quotes illustrated
that some felt that no “real people” could follow all the rules.
This is in line with previous research about how women feel
like there are too many guidelines [20] and how the abstinence
message can be perceived as policing women [22]. Interestingly,
thread starts asking for the guidelines or asking for more
information were only observed before the introduction of the
updated CMOs’ low-risk drinking guidance on alcohol in
pregnancy [17]. This may indicate that the updated CMO
guidance has made the recommendation to avoid alcohol during
pregnancy clearer and easier to understand. The latter categories,
addressing consuming alcohol during pregnancy, show that
expressing that one is consuming alcohol during pregnancy on
the internet was more common before the introduction of the
revised CMOs’ guidance than in the later periods. This could
indicate that the actual prevalence of alcohol consumption
during pregnancy has gone down. However, research suggests
that the prevalence still remains high [8]. It could also indicate
that it has become less socially acceptable to disclose alcohol
use during pregnancy. Furthermore, no threads started during
the COVID-19 pandemic period expressed any alcohol
consumption due to the lockdown. This is in line with previous
research showing that the reported rates of alcohol consumption
during pregnancy were lower after the pandemic than before
the pandemic [29].

Moreover, many of the thread starts in the category “Asking
for advice on whether it is safe to consume alcohol or on safe
limits” during the first period mentioned the timing of the
pregnancy, which could have been a result of the change in
guidelines. The change in guidelines was that the previous
National Institute for Health and Care Excellence guidelines
suggested that pregnant women should avoid alcohol in the first
3 months of pregnancy, and if they chose to drink, they should
not consume more than 1 to 2 units twice per week [16].
However, a 2020 survey by the National Organisation for FASD
showed that awareness of the current CMOs guidance that the
safest approach is not to consume alcohol at all if you are
pregnant or if you could become pregnant remains low among
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some population subgroups, particularly young people (aged
18-25 years) [53]. This shows how important it is to
communicate research in a way that is acceptable,
understandable, and accessible for all. Our study showed that
some Mumsnet users missed drinking alcohol while they were
pregnant and wanted to know if others agreed that a glass of
alcohol was acceptable, particularly on special occasions such
as weddings or birthday celebrations. It was also evident that
some of the forum users were trying to minimize the potential
risks of consuming alcohol by referring to how previous
generations had been consuming alcohol without clear adverse
outcomes or how other countries have less strict guidelines.
This was most apparent in content posted before the introduction
of updated CMO low-risk drinking guidance in 2016.

The categories identified in this study highlight the importance
of providing reliable and trustworthy information about alcohol
consumption in pregnancy. This is relevant for scholars,
professionals, and organizations, such as midwives and the
Public Health of England. The study highlights the interactive
nature of web-based forums, demonstrating an endeavor to
establish social connections and seek peer reassurance. For
future research, it is essential to investigate how these thread
starts are replied to and how people manage their worries
through interactions with others. It will also be important to
investigate how conversations on social media can be used to
identify knowledge gaps and preferences for the nature and
format of prenatal health messaging and to explore the
measurable impact of key public health and policy events on
outcomes related to PAE.

Strengths and Limitations
This study retrieved all available data related to alcohol in
pregnancy from the largest dedicated web-based parenting forum
in the United Kingdom. Moreover, to our knowledge, it is the
first study to provide insight into the nature of web-based
conversations on alcohol use in the United Kingdom and how
the trends in these have changed over time in relation to key
policy and public health events. Moreover, these findings are
relevant to policy makers. This includes the current 2023
consultation [54] on NoLo products. The consultation intended
to set out if the ABV that can be deemed “NoLo products”
should be increased. The findings in this study suggest that
increasing the threshold for ABV from 0.05% to 0.5% could
exacerbate concerns among pregnant people who report having
mistakenly consumed alcohol and also increase the uncertainties
about the safe limits of these products. In addition, time trends
in conversations are significant as they reveal uncertainties
among pregnant people regarding topics such as the current

CMO guidance and can offer valuable priorities to inform
improved communication, reach, and preference for prenatal
health information.

The choice to specifically search for mentions of “alcohol”
within the “Pregnancy” topic on Mumsnet was made to ensure
that only thread starts relevant to alcohol consumption during
pregnancy were included, thereby excluding discussions
unrelated to this specific context (such as threads discussing
alcohol consumption while breastfeeding). This may have
resulted in some critical thread starts being excluded. In 2021,
it was reported that approximately 20,000 posts were created
daily on Mumsnet [55]. Given the number of daily posts,
collecting all of them and manually going through them was
not feasible. For future research, natural language processing
or topic modeling could be used to analyze a larger data set.
Furthermore, because not everyone has the same access to the
digital space, the voices heard on Mumsnet might not be
representative of the United Kingdom, which could have led to
some potential bias in the data. This is especially true as the
demographics of Mumsnet have previously been described as
middle class and university educated [34], thus omitting other
socioeconomic groups from this analysis. It is important to note
that previous research has shown that one predictor of alcohol
consumption during pregnancy is higher education [56], which
could limit the relevance of the findings to some subgroups of
the general population. Previous research has also shown that
social media use is more common among those in a higher
socioeconomic group [57].

Conclusions
This study provides insight into how mothers and expecting
mothers use Mumsnet to raise topics that are important to them
regarding alcohol consumption in pregnancy and illustrates how
these topics have changed since the start of Mumsnet. The
findings suggest that mothers and expecting mothers use
Mumsnet primarily to seek reassurance and information from
others in similar situations. Our findings also suggest that the
topics and the proportion of thread starts relating to each topic
have changed over time, with results indicating less confusion
about the current guidelines and research about alcohol in
pregnancy in more recent times. The study also provides insight
into the worries and anxiety that pregnant women report
experiencing if they had consumed alcohol before finding out
about the pregnancy and the importance of seeking advice and
reassurance from peers on how to manage that worry. These
findings suggest that innovative interventions, such as peer
support initiatives, may offer a promising approach to prenatal
alcohol prevention, warranting further investigation.
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Abstract

Background: TikTok (ByteDance) experienced a surge in popularity during the COVID-19 pandemic as a way for people to
interact with others, share experiences and thoughts related to the pandemic, and cope with ongoing mental health challenges.
However, few studies have explored how youth use TikTok to learn about mental health.

Objective: This study aims to understand how youth used TikTok during the COVID-19 pandemic to learn about mental health
and mental health support.

Methods: Semistructured interviews were conducted with 21 youths (aged 12-24 years) living in British Columbia, Canada,
who had accessed TikTok for mental health information during the COVID-19 pandemic. Interviews were audio-recorded,
transcribed verbatim, coded, and analyzed using an inductive, data-driven approach.

Results: A total of 3 overarching themes were identified describing youth’s experiences. The first theme centered on how
TikTok gave youth easy access to mental health information and support, which was particularly helpful during the COVID-19
pandemic to curb the effects of social isolation and the additional challenges of accessing mental health services. The second
theme described how the platform provided youth with connection, as it gave youth a safe space to talk about mental health and
allowed them to feel seen by others going through similar experiences. This helped normalize and destigmatize conversations
about mental health and brought awareness to various mental health conditions. Finally, the last theme focused on how this
information led to action, such as trying different coping strategies, discussing mental health with peers and family, accessing
mental health services, and advocating for themselves during medical appointments. Across the 3 themes, youth expressed having
to be mindful of bias and misinformation, highlighting the barriers to identifying and reporting misinformation and providing
individualized advice on the platform.
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Conclusions: Findings suggest that TikTok can be a useful tool to increase mental health awareness, reduce stigma, and encourage
youth to learn and address their mental health challenges while providing a source of peer connection and support. Simultaneously,
TikTok can adversely impact mental health through repetitive exposure to mentally distressing content and misleading diagnosis
and treatment information. Regulations against harmful content are needed to mitigate these risks and make TikTok safer for
youth. Efforts should also be made to increase media and health literacy among youth so that they can better assess the information
they consume online.

(JMIR Infodemiology 2024;4:e53233)   doi:10.2196/53233
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youth; adolescents; young adults; mental health; TikTok; social media; qualitative research

Introduction

TikTok is a social media platform that is mainly used by youth
and young adults younger than 30 years of age to create and
share short videos [1]. TikTok was created as a music-based
entertainment app that involved lip-syncing and dancing [2] but
has since evolved as a way to share information about diverse
topics, ranging from news coverage [3,4] and politics [4,5] to
public health [6] and social justice issues [3,4,7]. TikTok uses
a complex algorithm to recommend content based on viewers’
interactions with previous posts, such as viewing time, likes,
shares, and comments, resulting in content catered to each
individual’s interests [8]. This content floods users’ “For You”
page, which runs through an automated loop that users can scroll
through.

TikTok experienced a surge in popularity during the COVID-19
pandemic, providing youth with a platform to interact with each
other and share their lived experiences and thoughts related to
the pandemic, including social isolation, public health measures,
and ways to cope with mental health challenges [9-11]. TikTok
has also been used to incorporate humor when sharing
experiences in the face of psychological distress, which can
facilitate coping and social connection [12]. For example, the
“stupid walk challenge,” where TikTok users would refer to
“going on a stupid walk for my stupid mental health,” became
a popular way to share the common struggle of maintaining
mental well-being during social isolation [13]. The hashtag
#MentalHealth also became popular, with over 100 billion views
on TikTok as of August 2023, with users sharing their mental
health journeys and encouraging conversations about mental
health [13]. Although this proliferation of social media content
has increased mental health awareness [14], there have been
growing concerns about the quality of health advice being shared
on the platform [15] and the impact of persistent exposure to
mentally distressing content [6]. A recent content analysis [6]
found that while most TikTok videos using the hashtag
#MentalHealth were filled with supportive and validating
comments, almost half of these videos reported or expressed
symptoms of mental distress, which could have concerning
effects on viewers’ mental health.

With youth spending a significant amount of time on the
platform—on average, TikTok users spend 95 minutes per day
on the app [16]—there is a need to better understand the types
of information youth are accessing and how it impacts their
mental health. In British Columbia, 26% of youths (ages 12-19
years) reported having a mental health condition in 2018, with

anxiety (19%) and depression (15%) being the most common
[17]. The COVID-19 pandemic greatly exacerbated youth’s
mental health issues [18-20], which was reflected in increased
emergency department visits and hospitalizations across Canada
for suicidal ideation, self-poisoning, and self-harm [21]. Many
youth have reported that their mental health has worsened during
the COVID-19 pandemic, mainly due to social isolation, missing
out on life experiences, fear of getting sick, and challenges
accessing mental health services [18,20].

Although TikTok has become a popular platform for mental
health information, very little research has explored how youth
use TikTok to learn about mental health and how the COVID-19
pandemic influenced this behavior. As such, this study aimed
to address the following research question: How did youth use
TikTok during the COVID-19 pandemic to access information
and support about mental health? This is one of the first studies
to explore the experiences and perceptions of youth accessing
mental health information on TikTok through qualitative inquiry.

Methods

Study Design and Setting
We conducted a qualitative interview study with youth across
British Columbia, Canada. This paper follows the Standards
for Reporting Qualitative Research (SRQR) [22]. British
Columbia is a province on Canada’s west coast, with
approximately 5.4 million people. A total of 88% of the
population resides in a metropolitan area, while the remaining
12% live in rural and remote communities across a large mass
of land, which limits the availability of mental health services
in rural areas.

Ethical Considerations
This study was reviewed and approved by the University of
British Columbia Behavioural Research Ethics Board (REB
#H21-02948). Eligible youth were sent a copy of the study
information sheet and consent form. All participants met with
the research coordinator (author RT) and a research assistant to
go over the consent form provided verbal informed consent over
Zoom (Zoom Video Communications). The research team
member filled out the consent form with each participant over
Zoom and sent them a final copy for their records. To protect
the participants’ identity, each youth was assigned a participant
ID number which was used to deidentify the collected data. The
consent forms containing participants’ names were stored
separately on an encrypted USB key stored in a locked cabinet
at the principal investigator’s office at the University of British
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Columbia (UBC). All participants received a CAD $30 (US
$23.27) honorarium to acknowledge their contributions.

Sampling and Recruitment
We recruited youth between the ages of 12-24 years who lived
in British Columbia, Canada, spoke English, and had accessed
TikTok for mental health information during the COVID-19
pandemic. This age range was chosen to reflect the largest
population using TikTok (13-30 years of age) [1] and the age
criteria for youth services in British Columbia, which typically
ends at 25 years of age. Youth were recruited through social
media channels belonging to Foundry, a province-wide network
of integrated youth services that provides mental health care,
substance use services, physical and sexual health, peer support,
and social services to youth aged 12-24 years. Foundry offers
on-site and app-based services and has had over 250,000 youths
visit since 2018. Foundry centers across the province and other
partnering mental health organizations reshared the social media
posts for the study. Interested youth emailed the research
coordinator (author RT), which was followed by a brief
screening call to confirm their eligibility.

Data Collection
Data were collected between June and August 2022.
Semistructured interviews were held over Zoom and lasted
between 30 and 60 minutes. Participants were given the option
to use a different name on Zoom and keep their cameras off
during the interview to further protect their identity. The
interviews were audio-recorded and transcribed via Zoom and
saved on a secure UBC-licensed Zoom cloud server. The
research team revised and anonymized the interview transcripts
and saved them to a secure UBC server and folder, while the
audio recordings were deleted. A research assistant facilitated
the interviews, while another research team member took general
notes during the interview. The research assistants (authors WC
and RZ) were undergraduate students close in age to most of
the study participants, which helped to build rapport with the
interviewees. They also had their own experience with using
the TikTok platform and accessing mental health content on
the app, which helped stimulate dialogue during the interviews.
Before beginning the interview, participants were asked to
complete a short demographic survey distributed through
Qualtrics (Qualtrics Developer Platform). Participants were not
asked to share their survey responses verbally and were only

identified by their unique participant ID number. Throughout
data collection, the research team debriefed frequently and
discussed whether new topics arose in order to determine
whether additional questions should be included in the interview
guide to further our understanding of youth’s overall
experiences. Interview questions focused on exploring why
youth use TikTok for mental health information, the type of
content youth access, and the benefits and barriers to using
TikTok for mental health information. Participants were also
asked how the COVID-19 pandemic impacted their use of
TikTok, their accessed content, and their ability to access mental
health services.

Data Analysis
All interviews were audio-recorded, transcribed verbatim, and
uploaded to NVivo (version 12; Lumivero) to facilitate analysis.
The research coordinator led the analysis using Braun and
Clarke’s reflexive thematic analysis method [23,24]. This
process began by reading the transcripts and interview notes
multiple times while taking additional memos and reflections
to support analysis. A data-driven approach was used to generate
verbatim codes, which were categorized thematically using a
thematic map to visualize and refine. Peer debriefing meetings
were held between the research coordinator and 2 youth research
assistants (authors WC and RZ) who cofacilitated the interviews
to discuss the relationships between the codes and identify
potential themes and subthemes. This involved reflecting on
our biases stemming from our experience accessing mental
health content on social media. The research assistants also
supported the selection of quotes that best represented the
overarching themes and subthemes.

Results

Overview
A total of 21 youths participated in this study. Participants’
median age was 18 (IQR 16-21) years and they primarily
identified as women (12/21, 57.1%), bisexual or pansexual
(9/21, 42.9%), and White (12/21, 57.1%). Most youth had
accessed mental health services before (16/21, 76.2%), including
counseling (15/21, 71.4%), prescription medicine (10/21,
47.6%), psychiatry (6/21, 23.8%), peer support (4/21, 19.0%),
and case management (3/21, 14.3%; see Table 1).
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Table 1. Participant characteristics.

ValuesCharacteristics

Sociodemographics

Age (years)

18 (16-21)Median (IQR)

13-24Range

Gender identity, n (%)

12 (57.1)Woman

5 (23.8)Man

3 (14.3)Nonbinary

1 (4.8)Transgender man

Sexual orientationa, n (%)

9 (42.9)Bisexual or pansexual

6 (28.6)Heterosexual

1 (4.8)Gay or lesbian

1 (4.8)Queer

1 (4.8)Homoromantic asexual

Ethnicityb, n (%)

12 (57.1)White

4 (19.0)First Nation, Métis, or Inuit

3 (14.3)South Asian (eg, East Indian, Pakistani, and Sri Lankan)

2 (6.7)Chinese

2 (9.5)Black or African

2 (9.5)Latin American

1 (4.8)Filipino

1 (4.8)Middle Eastern or North African

1 (4.8)West Asian (eg, Vietnamese, Cambodian, Laotian, and Thai)

Living location, n (%)

7 (33.3)Fraser Health

7 (33.3)Vancouver Coastal Health

4 (19.0)Vancouver Island Health

3 (14.3)Interior Health

School or employed, n (%)

11 (52.4)Both

7 (33.3)School

2 (9.5)Employed

1 (4.8)Neither

Highest level of educationa, n (%)

8 (38.1)Some high school

5 (23.8)High school diploma

1 (4.8)Some college or technical school education

2 (9.5)Some university education

4 (19.0)Bachelor’s degree
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ValuesCharacteristics

Current living situation, n (%)

16 (76.2)I live with my parents or guardians

4 (19.0)I live in an apartment or house independently or with roommates

1 (4.8)I live with my partner

Services accessed for mental health (past 12 months)b, n (%)

5 (23.8)None (I have never gotten treatment for mental health)

15 (71.4)Counseling

10 (47.6)Prescription medicine

6 (28.6)Psychiatry

4 (19.0)Peer support

3 (14.3)Case management

Type of health service environment accessed for mental health (past 12 months)b, n (%)

10 (47.6)Family doctor’s office

10 (47.6)School counseling services

7 (33.3)Foundry center

5 (23.8)Private office or clinic

4 (19.0)Community health center

1 (4.8)Emergency room or department

aPrefer not to answer (n=1).
bParticipants could select more than 1 response. Therefore, the number of responses may be greater than the total number of participants who completed
the survey.

A total of 3 overarching and interconnected themes were
identified to describe youth’s experiences using TikTok during
the COVID-19 pandemic for mental health information and
support (see Figure 1). These themes described how TikTok
led to increased access to mental health information (theme 1),
which in turn increased their connection with others going
through similar experiences, making youth feel seen (theme 2).
This content led to action, encouraging youth to address their

mental health concerns (theme 3). Across these 3 themes, youth
highlighted the need to be mindful of bias and misinformation
when consuming mental health content on the platform in
different ways, which are represented as subthemes under each
overarching theme in Figure 1. The following sections
summarize each main theme in greater detail, supported by
participant quotes.
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Figure 1. Overarching themes and subthemes describing youth’s experiences using TikTok for mental health information. Across all 3 themes, youth
described the need to be mindful of bias and misinformation when consuming mental health information on TikTok. MH: mental health.

Access: TikTok is an Easy Way to Access Mental
Health Information
Most youth had joined TikTok for entertainment; however, they
began seeing an increase in mental health information on their
“For You” page during the COVID-19 pandemic. Most of the
youth described how the pandemic exacerbated their mental
health challenges, leading them to seek mental health
information online. As 1 youth shared:

I guess I started kind of looking at [mental health
information] and TikTok ended up having a lot of it
during the pandemic because I think a lot of people
started searching what they might have when the
pandemic kind of exacerbated their issues. [P01]

Consequently, youth described how the platform was an
important source of mental health information and support
during the pandemic. As 1 participant expressed, it was “the
perfect way to connect with young people and spread
information” (P11), while another participant noted that it made
“something that’s quite inaccessible and expensive (i.e., mental
health services), free” (P03). Youth were drawn to the content’s
short video format and the various ways of presenting
information (eg, sketches and using humor) on the platform,
which made content engaging, digestible, and relatable.
Although many of the youth appreciated informational content
on TikTok, they described that they mainly used the platform
to disengage from reality and distract themselves from external
stressors (eg, social isolation, boredom, and mental health
issues). Thus, they were more likely to engage with humorous
and trendy content. As 1 youth outlined:

I think I would be more prone to follow somebody if
they had a mix of like funny content, where it's like
almost following the, you know how there's like waves
of trends through TikTok. Like different audios are
more popular at certain times. I’d be more inclined
to follow somebody if they had a mix of that plus, like,

informational stuff and stuff like that, just because
when I go on TikTok I’m not necessarily looking to
learn as much as I can, I’m just kind of looking to
turn my brain off for a little bit. [P19]

The use of such engaging strategies was often lacking among
the content created by health professionals on TikTok, who
were sometimes seen as “kind of boring, like just people saying
facts and stuff” (P11). As such, youth tended to gravitate toward
content creators with similar experiences and used engaging
ways to connect with their audience. Youth also emphasized
the benefits of TikTok’s algorithm, as it would tailor mental
health information based on what they engaged with and were
interested in; however, this also meant that youth who did not
engage with mental health content would likely not have access
to it. As 1 participant described:

So even if there’s someone who needs mental health
support, if it’s not an interest of theirs or it’s not
something that they’re engaging with, it may not show
up for them. [P09]

Further, youth expressed barriers to finding information specific
to their location, given the amount of information shared on
TikTok and the algorithm’s inability to filter based on region.
As 1 youth described:

when TikTok came around, it was like, yeah, there
are services. I would get the idea that there are mental
health services, but I just didn’t know what they were
because these services were from everywhere around
the world...I still don’t know to this day, what are the
mental health services provided in my area and what
can someone do, near me, to help other than my
school counsellor. [P20]

Some youth described additional challenges accessing mental
health services during the COVID-19 pandemic, particularly
those who did not enjoy connecting to service providers
virtually. As 1 youth explained:
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I feel like having that sort of disconnect online is
really challenging because it’s hard to trust someone
if you only know them through a screen. It made it
harder to access personalized services. [P05]

Thus, youth appreciated the availability of mental health content
on TikTok, as it provided them with alternative mental health
support that could be accessed immediately and free of charge.
This was also seen as “less intimidating” (P08) than accessing
professional services:

It’s like these 30-second clips that—there’s not a
whole lot of pressure to engage with. If you want to
learn more or if you want to engage, you can, but
there’s not necessarily a lot of pressure, like this
pressure to go out of your way to follow-up or make
an appointment or anything like that. [P09]

Access to such content was especially helpful for youth who
described having negative mental health care experiences, had
been denied mental health support by their parents or caregivers,
or simply did not feel comfortable or ready to access mental
health support. As 1 participant shared:

It was interesting and helpful hearing people talk
about those things...like experiences of autism. That’s
not something that I’m really comfortable seeking
mental health support for so I am finding it really
interesting and helpful, like informally listening to
people talk about it and kind of learning more about
it and how it might apply to me in that way. [P03]

Although youth appreciated having easy access to mental health
information via TikTok, youth discussed the importance of
being mindful of misinformation because “it’s ultimately all
from strangers on the internet” (P06). Youth expressed concerns
about content creators boasting professional credentials,
particularly counselor influencers whose perceived goal was to
gain followers for paid sponsorships. As 1 youth described:

listing their credentials at the beginning of every video
that they make, I think it sort of implies to an
audience, particularly a not very media critical
audience, that this is professional advice, even if they
give a little disclaimer like “I’m not trying to give
advice, this is just me speaking as a PhD in
psychiatry,” like, it kind of offsets their disclaimer
when they pump their credentials like that. [P03]

Youth highlighted how numerous aspects of the platform
exacerbated the spread of misinformation, such as the inability
to embed evidence links, short caption sizes, a lack of verified
information, and barriers to reporting misinformation, “which
made it difficult to tell whether or not something is true” (P15).

Connection: Mental Health Content on TikTok Makes
Youth Feel Seen
TikTok was described as a safe space for people to talk about
their mental health experiences without fear of judgment. Many
youth appreciated watching TikTok videos about content
creators’ mental health experiences (eg, symptoms, coping
strategies, and treatments), which helped youth “feel validated”
(P21), “know that [they’re] not alone” (P09), and gave “hope
that [they] could move forward and get past it” (P04). This was

amplified by the wide range of voices (eg, youth, adults,
celebrities, and mental health professionals) and mental health
topics discussed on the platform. As 1 participant offered:

because of how many different people there are and
how wide a range of different mental health issues
and topics they cover, and how many different people
are affected by mental health differently, it kind of
helped me figure out where I can personally work on
my mental health and helped me kind of recognize
that in myself. [P017]

The platform was also described as supporting youth to engage
with “various facets of TikTok that are so niche about me and
my identity” (P19) and find online communities to which they
could relate. This was described as a unique feature found on
TikTok compared to other social media platforms. As 1
participant shared:

I liked how it also gave platforms to people who were
marginalized and kind of overlooked on other
platforms. I saw a lot more of those kinds of people
on TikTok than I had on like Instagram, for example,
and it kind of made me and a lot of people feel seen.
[P01]

Youth discussed how the content they accessed on TikTok
portrayed mental health concerns as a “common struggle” (P12),
which helped normalize and destigmatize conversations related
to mental health. Youth described how this was particularly
helpful in increasing awareness of certain mental health
conditions and experiences that were not often discussed (eg,
psychiatric hospitalizations, schizophrenia, and how autism
presents in women):

I also like the people who just try and talk about
issues that aren’t really talked about much in person.
For example, hospitalizations. I don’t see a lot of
people talking about their experiences with that
because it’s still I think very heavily stigmatized,
going to a psychiatric hospital...When people share
videos of their stay or what care they received and
stuff like that, not only does it destigmatize going to
a hospital in general, it also makes people less scared
to access that help because a lot of people are scared
to go into those sorts of places. [P01]

Youth also discussed the “other side” of TikTok, which tended
to portray mental health challenges as a personal responsibility
rather than something to seek support for. However, this content
generally did not reach their For You page as it did not align
with the type of information they resonated and interacted with,
and thus, was not pushed by the platform’s algorithm. As 1
youth described:

I think it depends on what side of TikTok you’re on,
right? So if you’re on mental health TikTok, then it’s
very positive, it’s very “you’re not alone”...but if
you’re on the quote unquote “wrong side” of TikTok,
then you’re going to get a lot of neoliberal “pull
yourself up by your bootstraps” attitude. [P12]

Youth raised concerns about aspects of the platform that could
further contribute to misinformation and stigmatization. For
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instance, the censoring of specific accounts and mental health
content by TikTok moderators’ was described as adding,

to the stigma around mental health...the fact that it
can’t be talked about and people can’t access those
resources. [P05]

For example, 1 youth discussed how content about suicide was
often taken down and had to find ways to circumvent the
censorship:

when people caption their videos, for example, if
they’re trying to talk about suicide...they have to spell
it like “seweslid” or something like that. And it’s just
like, every time I see that it kind of makes me cringe
a little bit because it’s like they’re censoring
something that is important to talk about. [P19]

A few youth also discussed how TikTok’s algorithm could be
“biased against certain demographics and certain topics” (P19)
and would often suppress creators who were less
“conventionally attractive” (P01) and had disabilities, limiting
their access to relevant mental health information.

Youth also expressed concerns about the romanticization of
certain mental health conditions and the overgeneralization of
symptoms. This could lead to youth pathologizing “normal”
human experiences and making inaccurate self-diagnosis. As 1
participant articulated:

There's a lot of room for self-diagnosis on TikTok.
Especially if people do like, put a finger down
challenge for ADHD [attention-deficit/hyperactivity
disorder], and if you get over five, good chance you
have ADHD and I’m like, well I have six and I know
I don't have ADHD. So there's a lot of room for
assumptions and taking in a lot of information that
you don't know if it's true or not. Because anybody
can post on TikTok, anybody can make a video and
post it and you don't know what's true. So that's
definitely a negative and you have to be really careful
about what you just even subconsciously take in and
believe. [P13]

Youth underscored how this phenomenon could negatively
impact people who are living with a medical diagnosis, as it
further stigmatizes and trivializes their lived experiences.

Youth also highlighted aspects of the platform that could
negatively impact their mental health. For instance, being
regularly exposed to negative experiences and “trauma
dumping” (P20) was described as discouraging and took a toll
on youth’s mental health. As 1 participant expressed:

it’s kind of an endless cycle...when I just see someone
talking about their own experience it kind of takes me
into a rabbit hole of just all these things people have
gone through, and it’s like now I feel that weight is
on my shoulders. [P20]

Although many youth described how mental health videos often
led to others sharing their experiences and further discussion
in the comments section, a few highlighted the damaging impact
negative comments could have (ie, trolling). As 1 youth
described:

the comments were like really attacking the creators
for absolutely no reason, and I just thought it was
really vicious to look at every single day. [P05]

Youth expressed concerns about the addictive nature of the
platform, which led them to spend too much time on TikTok
and negatively impact their mental health. As 1 youth described:

it’s really easy to endlessly scroll on the app and I
find myself sometimes just not doing the things that
are on my to-do list and going on TikTok
instead...after I get off of it, I feel really terrible about
myself because I wasted so much time. [P10]

This led to some youth deleting the app altogether or finding
strategies to limit the amount of time they spent on the platform,
which became easier as public health restrictions were eased
and youth became busier with other things (eg, school, work,
socializing with friends, and going outside).

Action: Mental Health Content on TikTok Encourages
Youth to Address Their Mental Health Concerns
Youth described how accessing mental health information on
TikTok encouraged them to “be more mindful” (P11) about
their mental health challenges and identify ways to mitigate
negative symptoms they were experiencing in real time. Most
youth described using TikTok as a way to learn coping strategies
to reduce stress, anxiety, anger, procrastination, and negative
self-talk, including managing panic attacks. Strategies they
considered helpful included meditation, breathing exercises,
grounding techniques, inner-child work, journaling, and reaching
out to friends. Although the youth acknowledged that some
strategies might not work for them, they appreciated having the
ability to learn and try new things. As 1 participant shared:

I’ve come out with a couple breathing techniques I
hadn’t heard of before, or like my partner has ADHD
and we’ve tried a couple things and they actually
work so...the couple of hack videos that they have on
there, like everyone’s different, but if you even come
out with one thing that’s new that works for you, I
think it’s pretty awesome. [P12]

Notably, this required youth to be mindful that “everybody has
different experiences, everybody reacts to certain things in
different ways” (P05) and that not everything they consumed
would apply to their situation since mental health advice
provided on the platform cannot be tailored to each individual.
This required a certain level of media and health literacy, as 1
youth describes:

I also try not to fall victim to applying everything to
myself because I understand that like, you know, a
lot of it doesn’t apply to me and that some of the stuff
that I can’t—that is said on TikTok is very
generalizable and broad definitions of these actual
mental illnesses or effects of mental illnesses—so I
do try to be aware of that. [P17]

As such, youth appreciated content from people with lived
experience, as they were “just speaking from experience and
what’s worked for them” (P14), and content creators who
avoided “single solution-based videos” (P12). As 1 youth
described:
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There’s a lot of, like, fat overweight women on TikTok
and that was really nice because a lot of the time, you
know, doctors are like “Oh you’re depressed and
you’re fat, so the answer is exercise,” and so seeing
like those peer support and those other creators kind
of offering alternatives and things like mindful eating
and all these other things like not necessarily these
crash course single-based solutions was really nice
as well. [P12]

While youth shared how TikTok could lead to the misdiagnosis
of mental health conditions, they also saw the benefit in helping
people identify certain behaviors within themselves that they
“might not have found otherwise” (P03). This particularly helped
those lacking the ability to get properly diagnosed or where
sufficient research on a specific mental health condition was
lacking (eg, how symptoms of autism present in women), as
long as they were mindful that this was not equivalent to a
professional diagnosis.

Mental health content shared on TikTok made youth more aware
of the types of resources and services available to them and
what they should be looking for to address their individual
mental health challenges. As 1 participant offered:

if I were to have looked for a counsellor before I went
on TikTok and learned more about my own mental
health, I definitely would just look for someone who
is generally just a good counsellor...but after looking
into that, I now know that it’s very important to look
for someone specifically, who specializes more in
autism and someone who specializes in youth. [P17]

This also normalized getting help, made services feel more
approachable, and encouraged some youth to access mental
health services:

...people on TikTok talking about going to therapy,
that persuaded me to go to therapy and then also
made me feel a bit more comfortable going to therapy
too...I feel like TikTok helped normalize that a lot.
[P06]

Youth felt that TikTok helped them stay connected with peers,
which helped mitigate the mental health impacts of social
isolation during the COVID-19 pandemic. Youth described
using the platform to share relatable content and initiate
conversations about mental health with their peers, parents, and
service providers that they may not have had otherwise. For
instance, youth described how they would often share TikTok
videos with friends, which made it “a lot easier for us to talk
about [mental health]” (P20):

It can be a good way to send something to your friend
and say like “hey, this is really funny, but at the same
time like, yeah this is something that we’re probably
both dealing with” and it can be a good tool to
facilitate conversations that way I think. [P09]

Youth also described accessing content that helped them
advocate for themselves during medical appointments and
receive appropriate care. As 1 participant stated:

there’s a lot of videos on self-advocacy as well, so I
was able to kind of take some tips to my doctor and

get a psychiatrist for myself which was really great.
[P12]

While most youth acknowledged that TikTok did not replace
the need for professional services when dealing with “serious”
(P20) mental health concerns, they considered it a helpful tool
to identify mental health challenges and potential coping
strategies. As 1 youth described:

I don’t think TikTok is the best way to deal with a
mental health crisis or to deal with...if you’re trying
to diagnose yourself. I think it can be almost harmful
in those ways, but I do also think that for people who
are trying to, you know, figure themselves out more
in relation to mental health, that it can be very
beneficial in finding coping mechanisms. [P17]

As such, TikTok allowed youth to access support in real time
by accessing mental health content on the platform, enabling
conversations with friends, family, and service providers, and
encouraging them to access appropriate services.

Discussion

Principal Findings
The COVID-19 pandemic had profound and deleterious mental
health impacts, with youth uniquely affected. Our findings
describe how the interviewed youth used TikTok as a means of
mental health information and support. TikTok was perceived
as an easy way to access mental health information, connect
with others going through similar experiences, and learn how
to address mental health challenges. Such content helped
facilitate conversations about mental health with family, friends,
and service providers and encouraged youth to access support.
This source of mental health support and connection was
significant for confronting the negative impacts of the
COVID-19 pandemic, such as social isolation, boredom,
exacerbated mental health issues, and challenges accessing
mental health services. While TikTok was not seen as a
replacement for mental health services, it was viewed as a tool
to increase awareness, reduce stigma, and encourage people to
address their mental health issues. Conversely, many youth
expressed concerns over the lack of safeguards to deal with
misinformation and the negative mental health effects that can
occur when spending too much time on the platform. As such,
youth discussed having to be mindful of bias and misinformation
when consuming mental health content on TikTok while limiting
the time spent on the platform.

Increasing Youth’s Access to Information and
Community
The findings from this study are particularly timely given that
youth increasingly rely on online sources (eg, websites, social
media, apps, and online communities) for health information,
given the ease and anonymity it provides [25,26]. However,
prior studies have found that youth have been unsatisfied by
the lack of youth-specific information available online [25],
which may partly explain why TikTok is replacing Google as
a search engine among younger generations as its content is
specifically designed for younger audiences [27]. Indeed, a
systematic review exploring the barriers and facilitators to youth

JMIR Infodemiology 2024 | vol. 4 | e53233 | p.138https://infodemiology.jmir.org/2024/1/e53233
(page number not for citation purposes)

Turuba et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


mental health-seeking behavior [26] found that societal views
and attitudes toward mental health were the biggest obstacles
preventing youth from accessing mental health services,
contributing to their lack of knowledge about mental health and
available mental health services. Youth from this study described
how TikTok helped them identify and normalize their mental
health challenges and encouraged them to access mental health
support, demonstrating the platform’s potential for
destigmatizing mental health among youth. This also suggests
that TikTok may be useful for mental health professionals and
organizations to spread accurate mental health information
specifically aimed at youth.

Several studies have found that people turn to online
communities to reduce anxiety, depression, and feelings of
loneliness [28-30]. This was a common coping mechanism for
youth during the COVID-19 pandemic when face-to-face
interactions were not possible [31,32]. For instance, a qualitative
study exploring youth’s perspectives using online sources for
health information [25] found that many youth benefited from
seeing what others were doing to support their health, which
was a source of motivation and inspiration. These findings align
with our study results, as youth described feeling less alone
when viewing others going through similar experiences.
Moreover, TikTok was described as enabling them to connect
with communities and try coping strategies that they would not
otherwise have accessed.

Online communities can particularly benefit those who
experience greater barriers to accessing supports and services
(eg, rural and remote communities and marginalized groups),
experience social anxiety, or are concerned about being
stigmatized [33,34]. For instance, research suggests that people
who identify as LGBTQ2S+ (lesbian, gay, bisexual, transgender,
queer, two-spirit, plus) experience greater mental health benefits
from active social media use compared to cisgender people as
it provides them an outlet for self-expression and access to social
support they may not have access to offline [35,36]. Participants
from our study mainly identified as LGBTQ2S+ (12/21, 57.1%)
and also expressed how TikTok helped them find communities
they could relate to. While these sentiments were consistent
across our sample, these findings support the idea that social
media platforms can be particularly beneficial for marginalized
individuals. The anonymity provided online can also help youth
feel more comfortable sharing personal stories and increase
their access to comprehensive information, which may not
always be accessible through caregivers or health care providers
[25]. For example, another qualitative study exploring youth’s
perspectives on using technology for health information found
that youth relied on online sources for comprehensive sexual
education, as their school education was solely abstinence-based.
This resonates with what we heard from youth in this study,
who described how TikTok increased their ability to access
mental health information unavailable to them when their
parents were involved in their care. As such, TikTok presents
an opportunity to promote online support services to increase
youth’s access to mental health support; however, data privacy
remains a concern [37]. Albeit all social media platforms mine
personal data for profit, a study exploring data sharing behaviors
across social media platforms found that TikTok shared more

personal data to third-party entities compared to all other social
media platforms and it is unclear what that information is being
used for [38]. As such, it is essential that governments develop
legislation and regulations to limit TikTok’s ability to collect
and share personal information with third-party services, given
the amount of sensitive information being collected and shared
on the platform. While TikTok implemented new measures in
2023 to protect younger youth on the platform (eg, limiting
screen time, direct messages, and comments from strangers)
[39], having a caregiver who understands how the platform
works and can ensure these measures are in place is vital.

Mitigating the Negative Effects of TikTok
Although mental health information on TikTok can be helpful,
participants from this study raised concerns about the negative
mental health effects of spending too much time on the platform,
suggesting that youth may benefit from time limits on social
media platforms to limit daily usage. Youth also highlighted
the lack of safeguards to report and identify misinformation and
having to rely on their own judgment to assess the accuracy of
the information presented and read through the comments
section to corroborate their assumptions. Misinformation is
rampant on social media—this became evident during the
COVID-19 pandemic, which led to a boom of misinformation
about the disease, its transmission, treatment, and prevention
[40]. Yeung et al [41] conducted a cross-sectional study that
examined the quality of 100 TikTok videos about
attention-deficit/hyperactivity disorder and found that 51% of
videos (posted mainly by non–health care professionals) were
misleading. Similarly, a systematic review exploring online
health information-seeking behavior [42] identified a lack of
mechanisms to verify misinformation, making it difficult for
consumers to determine credibility. Our findings extend this
prior research and suggest that these missing safeguards can
lead youth to pathologize everyday experiences, contributing
to unnecessary stress, anxiety, and self-diagnosis. This can
further reinforce existing stereotypes and lead youth to try
inappropriate or ineffective treatments without consulting a
health care provider which can have detrimental consequences
[43].

This study brings into question TikTok’s responsibility as a
platform to prevent the spread of misinformation. While
incorporating mechanisms to report misinformation on TikTok
can help, this responsibility cannot solely lie on users who may
not be able to differentiate between credible and misleading
information. Currently, social media platforms have opaque
processes for reviewing posts for potential harms [44]. As such,
regulations are needed on disclosing policies and methods used
to identify and remove harmful content [45].

Other ways to help mitigate the spread of misinformation may
include more content from health care professionals. While the
number of health care professionals sharing mental health
content on the platform is increasing, McCashin and Murphy
[46] reported that they are less likely to use the full range of
features on TikTok and tend to share more serious content.
Thus, health care professionals often have lower engagement
levels than peers speaking from lived experience [46], which
resonates with our study findings. This highlights the need for
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health care professionals to create more engaging content to
maximize the spread of accurate mental health information and
educate viewers about media and health literacy and how to
identify misinformation. While working collaboratively with
youth to create relatable content on TikTok may be a helpful
solution for reaching more youth on the platform, this requires
significant time, effort, and investment, which may be difficult
for many. More research is needed to understand how to create
engaging content that gets sufficient rank and visibility with
TikTok’s algorithm.

Alternatively, TikTok could provide mental health professionals
and organizations with opportunities to highlight their services
through sponsored advertisements and location-specific
hashtags. This would help address the lack of location-specific
information available about mental health services, a noted
barrier to acting on what youth learned on the platform.
Incorporating media and health literacy education in schools
should also be a priority to ensure youth have opportunities to
build critical thinking skills to discern the difference between
expert advice and anecdotal experiences, given the time youth
spend online. Although anecdotal experiences can foster hope
and connection and provide practical suggestions, it is important
for youth to assess the relevance of these experiences in relation
to their unique situation. Another possible approach would be
to mandate public service announcements for mental health
support on TikTok from legitimate and trusted health care
providers and nonprofits so that all viewers have access to
reliable mental health information.

While sharing personal stories on TikTok can be therapeutic,
these stories can also be traumatic or triggering to those who
have experienced similar situations and may not be ready to
review this type of content. Little is known about the impact of
consuming repetitive traumatic or triggering content online, a
common trend on TikTok [6,47], exacerbated by the repetitive
nature of TikTok’s algorithm [48]. When users interact with
negative content (eg, self-harm and eating disorders), the
algorithm will continuously promote this type of content on
their For You page. A study by the Centre for Countering Digital
Hate [48] analyzed recommended TikTok videos within the
first 30 minutes of creating standard youth accounts and found
that content on eating disorders came up every 4.1 minutes,
while content on self-harm and suicide was shown every 20
minutes. Youth accounts containing the phrase “lose weight”
in their usernames were 3 times more likely to see this type of
content on their For You page, particularly self-harm and suicide
content, which was 12 times more likely to be shown. This can
seriously impact youth’s mental health, especially those who
are already struggling. For instance, the parents of a 16-year-old
from the United States who died by suicide in 2022 found his
For You page flooded with distressing content, including the
glorification of suicide [49]. These concerns were raised by
participants in our study, highlighting the need for further
research on the impacts of mentally distressing content online
and to identify ways to mitigate these risks, such as developing

legislation that regulates harmful content and TikTok’s
algorithm.

Limitations and Future Directions
While the findings from this study provide important
implications for future mental health education efforts, there
are limitations to consider. Since TikTok’s algorithm tailors
content based on users’ interests and interactions, youth from
our study all desired access to mental health information. This
suggests that we may be missing the perspectives of youth less
likely to discuss mental health and access mental health support.
This also highlights the potential pitfalls of TikTok’s algorithm,
which prevents mental health information from reaching
individuals who may benefit from it the most, and the need to
incorporate disclaimers linking to evidence-based mental health
information to mitigate the spread of misinformation. Further
efforts to reach this population are warranted to ensure everyone
has access to accurate mental health information and support.
Additionally, our findings represent the experiences of youth
who mainly identified as White and women. Having a more
ethnic and gender-diverse sample could have provided further
insights into youth’s use of TikTok for mental health information
as minority populations experience different access to mental
health care and support compared to White, cisgender
individuals [35,36]. While our sample did include many youth
who identified as LGBTQ2S+, further research is warranted to
identify new opportunities that social media platforms can
provide in terms of mental health support for minority groups.
While these limitations impact the generalizability of our
findings, this is one of the first studies to explore the experiences
of youth with TikTok, specifically their experiences accessing
mental health information on the platform. The findings provide
important direction for future research on the mental health
impacts of the platform and its algorithms. They also have
important considerations for policy makers shaping legislation
regulating social media content to prevent harm and relay
accurate mental health information.

Conclusions
Our findings shed light on how TikTok was an important source
of mental health information and support for youth during the
COVID-19 pandemic and how it has increased mental health
awareness, encouraged youth to address their mental health
issues, and reduced the stigma of help-seeking. This study
highlights how TikTok can be a valuable tool for youth to access
relatable mental health information, peer connection, and support
while helping facilitate conversations about mental health
between youth and friends, family, and service providers.
Conversely, the lack of safeguards to deal with misinformation
and harmful content on the platform is concerning and suggests
the need for better regulations against harmful content and
increased media and health literacy education among youth.
Further research on the impact of TikTok’s algorithm and
repetitive exposure to mentally distressing content online is
needed to mitigate the potential risks associated with the
platform.
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Abstract

Background: Following the signing of the Tobacco 21 Amendment (T21) in December 2019 to raise the minimum legal age
for the sale of tobacco products from 18 to 21 years in the United States, there is a need to monitor public responses and potential
unintended consequences. Social media platforms, such as Twitter (subsequently rebranded as X), can provide rich data on public
perceptions.

Objective: This study contributes to the literature using Twitter data to assess the knowledge and beliefs of T21.

Methods: Twitter data were collected from November 2019 to February 2021 using the Twitter streaming application programming
interface with keywords related to vaping or e-cigarettes, such as “vape,” “ecig,” etc. The temporal trend of the T21 discussion
on Twitter was examined using the mean number of daily T21-related tweets. Inductive methods were used to manually code the
tweets into different sentiment groups (positive, neutral, and negative) based on the attitude expressed toward the policy by 3
coders with high interrater reliability. Topics discussed were examined within each sentiment group through theme analyses.

Results: Among the collected 3197 tweets, 2169 tweets were related to T21, of which 444 tweets (20.5%) showed a positive
attitude, 736 (33.9%) showed a negative attitude, and 989 (45.6%) showed a neutral attitude. The temporal trend showed a clear
peak in the number of tweets around January 2020, following the enactment of this legislation. For positive tweets, the most
frequent topics were “avoidance of further regulation” (120/444, 27%), “Enforce T21” (110/444, 24.8%), and “health benefits”
(81/444, 18.2%). For negative tweets, the most frequent topics were “general disagreement or frustration” (207/736, 28.1%) and
“will still use tobacco” (188/736, 25.5%). Neutral tweets were primarily “public service announcements (PSA) or news posts”
(782/989, 79.1%).

Conclusions: Overall, we find that one-third of tweets displayed a negative attitude toward T21 during the study period. Many
were frustrated with T21 and reported that underage consumers could still obtain products. Social media data provide a timely
opportunity to monitor public perceptions and responses to regulatory actions. Continued monitoring can inform enforcement
efforts and potential unintended consequences of T21.

(JMIR Infodemiology 2024;4:e53899)   doi:10.2196/53899
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Introduction

Nearly all current daily adult cigarette users reported first trying
a cigarette before the age of 18 years. While cigarette use has
decreased among adults, as well as youth, other products, such
as electronic nicotine delivery systems, have gained popularity.
In 2023, 12.6% of high schoolers reported current use of tobacco
(in the past 30 days), including cigarettes, cigars, smokeless
tobacco, hookah, heated tobacco products, and electronic
nicotine delivery systems [1]. Furthermore, 3.9% of high
schoolers reported current use of 2 or more products in the past
30 days [1] and are therefore more likely to continue nicotine
use into adulthood [2-4]. In order to prevent tobacco initiation,
the Tobacco 21 Amendment (T21) of the Federal Food, Drug,
and Cosmetic Act was signed in December 2019 [5]. T21 raised
the federal minimum age to purchase tobacco products from 18
to 21 years [5].

T21 was vital to interrupting the US youth and early young
adult tobacco epidemic as tobacco product use is the leading
cause of preventable diseases and death [2], and most current
tobacco users started by the age of 18 [2,3]. Youth may obtain
tobacco products from social sources, including peers and
classmates, as well as commercial sources [6,7]. Before the
Federal T21 legislation, 19 states and many more localities
passed legislation to increase the minimum age of tobacco sales
as early as January 2016 [8]. Simulations and many other
evaluations of local legislation found that raising the minimum
age to purchase tobacco reduced product sales [9-11], product
use prevalence [12-20], initiation of nicotine use [13,21], and
tobacco-related health disparities among youth [20]. Therefore,
one would expect to see similar changes at a national level.
However, underage tobacco sales and use have been an issue
for decades and require retailer compliance, with more youth
and early young adults reporting purchasing their products
directly from the retailer than any other source [6,7]. In April
2018, the Truth Initiative surveyed 12- to 17-year-old, past
30-day JUUL (a vape system developed by Juul Labs, Inc) users
nationally and found that 74% (n/N) of them purchased their
product from a retailer, 52% (n/N) from a social source such as
a friend or family member, and 6% (n/N) web-based retailers
[6]. Therefore, it is important to prevent youth smokers from
acting as suppliers and to make it more difficult for 16- and
17-year-olds to pass as legal purchasers. Policy enforcement
and retailer compliance are crucial to reducing tobacco use
among youth [11,22]. Furthermore, social determinants have
been shown to impact retailer compliance, including previous
state and local tobacco control policies, neighborhood
demographics, retail signage, and scanners for ID checks
[23-25]. A study assessing the impact of the Federal T21 after
1 year of signing found that middle- and high-school students
perceived it to be more difficult to buy tobacco products from
a store, but this was not the case for purchasing products from
web-based retailers [25].

Following T21, there is an urgent need to monitor the knowledge
and beliefs of T21. Before the Federal T21 policy, previous
studies have assessed attitudes toward raising the minimum age
to purchase tobacco products. In general, the studies found that
the majority of adults were in favor of increasing the age to

purchase tobacco to 21 years, regardless of smoking status and
demographics [26-28]. Social media platforms, such as Twitter
(subsequently rebranded as X), can provide rich data on public
perceptions. In the past, Twitter has been used to examine
discussions focused on government policies, such as e-cigarette
flavor policies and T21 [29-34]. Many tweets in these previous
studies that used Twitter data to assess sentiment toward T21
identified a neutral tone toward T21; however, an alternative
to previous survey findings, more tweets (over one-third)
portrayed opposition to the policy rather than support [32-34].
Common themes identified in these studies included unfairness
to youth who were already addicted to nicotine and skepticism
toward the policy efficacy [32], a disjunction for other age
restrictions (eg, military, alcohol, and voting) [33], and
incorrectly describing the policy as a purchase law [34].
However, these Twitter studies used data from the months
leading up to the signing of the amendment. This study uses
Twitter data a month before and over a year following the
signing of the amendment to assess the public attitude toward
T21 and its potential impact on tobacco use behavior, such as
policy avoidance or seeking out cessation advice.

Methods

Data Collection
Publicly available Twitter data from November 12, 2019, to
February 26, 2021, was previously collected using the Twitter
streaming application programming interface with keywords
related to vaping or e-cigarettes for a previous study [35]. The
methodology and vaping or e-cigarette keywords can be found
published elsewhere [35]. Next, we filtered out a subset of the
data using keywords related to the T21 policy, such as
“tobacco21,” “tobacco 21,” “t21,” “tobacco age,” “vaping age,”
“tobacco purchase law,” “buy tobacco,” “tobacco age
restriction,” “tobacco 21 laws”, “minimum age to buy tobacco,”
“vape age,” “smoking age,” “legal age,” and “tobacco age.”
The tweets without any of the keywords were eliminated. Then,
we applied 2 filters to remove tweets related to the commercial
promotion of smoking and vaping products [35]. The first filter
was applied to the Twitter username, and the keyword list
contained “dealer,” “store,” “promo,” etc. If a tweet is associated
with a username containing any of these keywords, it is removed
from the data set. The second filter targeted the tweet content.
The keywords contained, but were not limited to, “discount,”
“sale,” “percent off,” and “store.” Finally, repetitive tweets and
retweets were removed, and we obtained a data set with 6489
tweets. In addition, any additional commercial tweets were
manually excluded from the data set, resulting in 49.3%
(3197/6489) of tweets being hand-coded.

Content Analysis
Content analyses were conducted from April 2022 to May 2022
using inductive methods. From the processed data set, we
randomly selected 10% (320/3197) of the tweets to manually
review the tweets, identify key attitudes and themes, and develop
the codebook for the content analysis of the entire data set. First,
we determined whether each tweet was related to the T21 policy,
and then we grouped the related tweets into 3 categories
(positive, negative, and neutral) based on the attitude expressed
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toward the policy. Next, we identified the topics of supportive
and antagonistic reasoning and labeled each positive and
negative tweet with the identified topic. Neutral tweets were
labeled in a slightly different way due to the lack of apparent
reasoning and were divided into “public service announcements
(PSA) or news,” “dialogue or discussion,” and “extend to other
regulations.” A list of all topics and their definitions are shown
in Table 1.

When developing the codebook, 2 coders reviewed the tweet
independently and respectively summarized the topics. Then
the commons and differences between the 2 versions were
collectively discussed among all 6 authors to reach a consensus
on the final codebook. Next, the 2 coders reviewed sample

tweets again to adjust their original results according to the
revised codebook. The 2 coders achieved an overall kappa
agreement of 0.80 on attitudes and an overall rate of 0.74 on
the specific topic labels. For the disagreement, a third coder
was introduced to resolve the discrepancy during the
development of the codebook. After the codebook was
developed, the remaining tweets were divided into 3 parts and
were labeled by 3 coders separately. Each tweet was identified
into 1 attitude group and then one of the topics within the
attitude group. We chose not to collectively label all the
remaining tweets due to the large number of tweets. Finally,
the results for sample tweets and the remaining tweets were
combined for analysis.
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Table 1. Codebook for hand-coding Tobacco 21–related tweets.

ExamplesDescriptionAttitude and topic

Positive

“as an adult, I will not have my rights stripped away, including
flavors. Tobacco 21 will be the best solution. we have respiratory
therapists who recommend vaping over smoking, no use of thc!”

The tweet claims that the governors should let T21a

do its job before implementing additional regulations.

Avoidance of further
regulation

“it's already illegal for children to buy tobacco and vaping prod-
ucts. how about this: how about you release who funds your little

The tweet calls for thorough execution and enforce-
ment of the policy.

Enforce T21

group? and yes, protects the childrens. protect them by enforcing
the laws already on the books. stop the hysteria!”

“congress should act to ban characterizing flavors in all tobacco
products, give fda user fees to regulate e-cigs, and raise tobacco

The tweet states that T21 reduces the harm to the
health of the youth.

Health benefit

age to 21. these steps can combat youth tobacco use, preserve
harm reduction, and further reduce tobacco death and disease.”

“tobacco 21 legislation is critical! learn more about youth tobacco
use in the granite state here.”

The tweet offers no specific reason for supporting
T21 but generally expresses a positive attitude.

General support

“for me flavours play a critical role in disassociating vaping from
smoking. lots of others feel the same, it's a matter of making the

The tweet states that T21 will be effective in reducing
the usage of tobacco in the youth.

Reduce usage

product better than smoking, and thus more enjoyable than
smokes. t21 keeps the product out of the hands of kids.”

“wow, believe your listening to us vapers! children should not
vape or smoke, educating parents is very important! t21 is the

Other tweets with positive attitudes that do not belong
to any of the other categories.

Other

law and should be followed! if i had this when i was 16, i would
of never started smoking! #vaping is for adults who want to quit
smoking!”

Negative

“i agree that the shops should be held accountable and that t-21
should have been voted on not put forcefully in place that’s not

The tweet argues that the essence of the problem is
not tobacco, but other factors such as advertisement,
parenting, etc.

Parenting or blaming

how our government works!!! there has been a decline in youth
vaping so now there will be a rise in youth smoking because it’s
easy access”

“yup. not to mention, adults can make their own damn decisions.
here in michigan, you now have to be 21 to buy tobacco or vape.

The tweet argues that the policy limits adults’ rights
and personal choices.

Inconsistency in adult
age definition or limits
personal choice i no longer smoke, but if i’m old enough to die for my country,

i’m old enough to decide if i buy this shit.”

“so, vaping is illegal for &lt;21 in mass and &lt;19 in nh. sounds
a lot like alcohol, or cigarettes. kids have been working around

The tweet believes that T21 is ineffective in restrict-
ing the usage of tobacco among youth, and the under-

Will still use tobacco

these sorts of barriers for generations. vaping regulations are no
different than alcohol regulations afa kids are concerned.”

age group will still find a way to purchase tobacco
products.

““the govt acted swiftly when vaping deaths became more fre-
quent. but still stay silent on mass shootings… congress passes
bill raising minimum tobacco and vape smoking age to 21.”

The tweet argues that T21 should not be the priority
of the agenda, and government should focus on
policies in other areas.

Not the priority

“i voted to send the majority leader to washington to repeal and
replace obamacare. and all i got was a minimum vaping age. let’s
be sure to name a lot buildings and highway after this guy.”

The tweet mocks or contains irony and satire about
the policy.

Mocking

“i knew that also.. and i know i dont like everthing ..like the vape
or smoking age to 21 .. but will still vote for him again”

The tweet offers no specific reasons for opposing
T21 but expresses a negative attitude or frustration
in general.

General disagreement
or frustration

“i almost bought a pack yesterday – i think because it's always
in the ether. I'm only a year in so i’'m one of the vulnerable ones

Other tweets with negative attitudes that do not be-
long to any of the other categories.

Other

– being told by these policies that my health isn't as valuable as
these young people's.”

Neutral

“#us expected to raise #vaping age to 21”The content of the tweet is a news headline, which
typically states the policy change.

PSAb or news
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ExamplesDescriptionAttitude and topic

“sorry to disappoint you! it is illegal for youth to obtain vaping
products, t18 or t21 depending on the state‚Äôs law. it was not
even targeted to non smokers. it was and always has been meant
for smokers!”

The tweet is a part of the conversation or discussion
among users with no obvious attitudes.

Dialogue or discussion

“repealing the 26th amendment to raise the voting age back up
to 21 and make the draft only apply to those 21 and older. justify
by pointing out the drinking age=21, smoking/vape age going up
to 21, buying guns/ammo going up to 21 means voting should
go up to 21 also.”

The tweet discusses and compares the age restrictions
across smoking, voting, drinking, etc.

Extend to other regula-
tions

aT21: Tobacco 21 Amendment.
bPSA: public service announcement.

Data Analysis
To understand the prevalence of T21-related discussion, we
examined the temporal trend of daily counts of T21-related
posts over the studied period. In addition, we summarized the
distribution of the attitude and the specific topics within each
attitude group by calculating the frequencies and proportions
of tweets in each topic within each attitude group.

Ethical Considerations
This study only analyzed publicly available data, and the results
do not contain any identifiable information and are presented
in aggregate.

Results

Codebook Development for Thematic Analysis of T21
Tweets
From our data set of 3197 tweets, we determined that 2169
(67.8%) tweets were relevant with regard to T21-related
discussion. Of these 2169 tweets, we hand-coded each to their
respective attitude and topic based on our defined codebook,
which were mutually exclusive groups (Table 1). Among tweets
that portrayed a positive attitude, themes identified included (1)
avoidance of further regulation, where the tweet claims that T21
should do its job before implementing additional regulations
such as an e-cigarette flavor restriction; (2) Enforce T21, where
the tweet calls for thorough execution and enforcement of the
policy; (3) health benefits, where the tweet states that T21 can
reduce the harm to the health of youth; (4) general support
tweets offered no specific reasons for supporting T21 but
expresses a positive attitude in general; (5) reduced usage, where
the tweet states that T21 will be effective to reduce the usage
of tobacco among youth; and (6) other tweets that portrayed a
positive attitude but did not fit into any of the other categories.

Among tweets that showed a negative attitude, themes included
(1) parenting or blaming, where the tweet argues that the
problem is not tobacco but other factors; (2) inconsistency in
adult age definition or limits personal choice, where the tweet
argues that the T21 amendment is limiting adult rights and
personal choice; (3) will still use tobacco, where the Twitter
user believes that the policy will be ineffective in restricting
youth use of tobacco and underage youth will still find a way
to obtain tobacco products; (4) mocking, where the tweet mocks
or contains irony and satires about the policy; (5) general
disagreement or frustration, where the tweet offers no specific
reasons for opposing T21 but expresses a negative attitude or
frustration in general; and (6) other tweets that showed a
negative attitude but did not fit into any of the other categories.
Finally, tweets that were more neutral in nature contained
themes such as (1) PSA or news, where the tweet contained a
news headline that stated the policy change; (2) dialogue or
discussion, where the tweet was part of a conversation or
discussion among users with no obvious attitudes; and (3) extend
to other regulations where the tweet discussed and compares
age restrictions across different activities (eg, smoking, drinking,
gambling, and voting).

Temporal Trends of Attitudes Toward T21
It was determined that out of 2169 tweets, 444 (20.47%) showed
a positive attitude, 736 (33.93%) showed a negative attitude,
and 989 (45.60%) showed a neutral attitude. Figure 1 shows
the temporal trend of T21-related mentions on Twitter. There
is a clear peak in the number of tweets around January 2020, 2
months following the enactment of this legislation. A secondary
peak occurs during September 2020. This secondary peak
appears to be associated with a discussion of Florida Governor
Ron DeSantis vetoing Florida’s T21 policy and e-cigarette flavor
restriction.
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Figure 1. Temporal trend of mentioning Tobacco 21 on Twitter.

Themes Associated With the Mentioning of T21
The temporal trend of themes associated with the mentioning
of T21 was not clearly distinctive from one another and,
therefore, is not depicted. Table 2 displays each topic and its
associated attitude, amount, and proportion of tweets.
Proportions were calculated by attitude. For positive tweets, the
most frequent topic was “avoidance of further regulation”
(120/444 tweets, 27.0%), followed closely by “Enforce T21”
(110/444 tweets, 24.8%), then “health benefit” (81/444 tweets,
18.2%), “other” (78/444, 17.6%), “general support” (34/444
tweets, 7.7%), and “reduce usage” (21/444 tweets, 4.7%). For

negative tweets, the most frequent topic was “general
disagreement or frustration” (207/736 tweets, 28.1%), followed
closely by “will still use tobacco” (188/736 tweets, 25.5%),
then “other” (142/736 tweets, 19.3%), “inconsistency in adult
age definition or limits personal choice” (70/736 tweets, 15.8%),
“mocking” (66/736 tweets, 9.0%), “parenting or blaming”
(40/736 tweets, 5.4%), and “not the priority” (23/736 tweets,
3.1%). For neutral tweets, the most frequent topic was “PSA or
news” (782/989 tweets, 79.1%), then “dialogue or discussion”
(198/989 tweets, 20.0%), and “extended to other regulations”
(9/989 tweets, 0.9%).
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Table 2. Main topics in Tobacco 21–related tweets.

N=2169, n (%)Attitude and topic

444 (20.5)Positive

120 (27)Avoidance of further regulation

110 (24.8)Enforce T21a

81 (18.2)Health benefit

34 (7.7)General support

21 (4.7)Reduce usage

78 (17.6)Other

736 (33.9)Negative

207 (28.1)General disagreement or frustration

188 (25.5)Will still use tobacco

70 (15.8)Inconsistency in adult age definition or limits personal choice

66 (9)Mocking

40 (5.4)Parenting or blaming

23 (3.1)Not the priority

142 (19.3)Other

989 (45.6)Neutral

782 (79.1)PSAb or news

198 (20)Dialogue or discussion

9 (0.9)Extend to other regulations

aT21: Tobacco 21 Amendment.
bPSA: public service announcement.

Discussion

Principal Findings
This analysis used an existing data set of Twitter posts related
to vaping and e-cigarettes to assess discussions associated with
the signing of T21 in December 2019. Most discussions
associated with T21 occurred in the month following the signing
of the amendment, with some discussion in the preceding month.
A spike in discussions was observed in late 2020. Many tweets
at this time discussed Florida Governor Ron DeSantis vetoing
Florida’s T21 policy and e-cigarette flavor restriction on
September 8, 2020, stating that it was unnecessary due to the
Federal T21 policy [36].

The majority of tweets had a neutral attitude toward the T21
amendment. However, more showed a negative attitude than
positive. Most negative posts discussed general disagreement
and frustration, followed by a discussion that those younger
than 21 years will still use tobacco. Studies have assessed the
penalty structure for T21 violations and have suggested that
monetary fines, no matter the severity, are not as effective as
license suspension, revocation, or criminal penalties [37,38].
In addition, local policies with procedures to conduct inspections
and impose penalties can ensure the effectiveness and
enforcement of T21 [38-40]. Another common topic of
discussion was the age definition of an adult; people feel that
if one can vote and enlist in the military, then one should be

able to purchase tobacco and alcohol. The age of 21 was chosen
since most current smokers report trying their first cigarette
before turning 21 years old [3]. Furthermore, young adults,
18-25 years of age, are highly influenced by their peers and
environment as their brains are still developing [3,41]. However,
the Institute of Medicine report on the public health implications
of increasing the minimum age to purchase tobacco products
found that increasing the age to 25 years as opposed to 21 years
would result in considerably smaller effects [42]. Topics of
discussion among tweets that showed a positive attitude toward
T21 overall had a general theme that enforcement of T21 would
work to reduce the use of tobacco and benefit public health.
Previous research has also shown the positive impact and great
support for increasing the minimum legal age to purchase
tobacco to 21 years among various populations and users of
tobacco [9,10,12-18,21,40,43].

Limitations
Social media data can provide rich data on the public’s
perception of a policy, such as T21. In addition, the tweets for
developing the codebook were randomly sampled and, therefore,
can fully represent the whole Twitter data set in our study.
However, there are some limitations to this study. First, the
demographics of the Twitter users are not available.
Furthermore, the geolocation of the users was not available, nor
was there a clear distinction if the discussion was referring to
the federal policy or a state or local policy, which could be
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useful to evaluate policies implemented at local and state levels
before the federal amendment. Second, less than a quarter of
the US population has a Twitter account. In addition, some users
have private accounts, so their posts are unavailable. Third, this
data set was not collected for the purpose of this analysis, and
it focused on vaping and e-cigarettes. Therefore, our findings
are only generalizable to users who show an interest in
discussing vaping and e-cigarettes on Twitter. Fourth, we only
assessed the content of the tweets and no other form of data or
interaction between Twitter users (eg, follow, retweet, and
favorites). Fifth, there may have been T21 content that was
missed due to keyword filtering, and accounts were not assessed
to see if they were bots. In addition, about 90% (1952/2169) of
tweets in this study were single-coded, which could lead to
potential bias even though the intercoder reliability for 10%
(217/2169) of tweets was high. Finally, there were a lot of events
(eg, COVID-19 and cartridge-based e-cigarette flavor restriction)
that may have masked the discussion associated with T21.
Therefore, our analysis is not representative of the general
population, and an assessment of posts that were not restricted
to vaping and e-cigarettes could provide additional information
on the public’s perception of the T21 amendment.

Conclusion
We observed an overall negative public attitude toward the T21
policy on Twitter, with major discussions around the frustration
about the T21 policy due to continued underage use of tobacco
products. While the attitudes and themes found in this
assessment of tweets are consistent with previous studies
assessing sentiment toward T21 using Twitter data, this study
provided a more comprehensive understanding of reasons either
supporting or against T21 policy [32-34]. Greater enforcement
and penalties within communities would likely minimize the
continued underage use of tobacco products. This analysis of
Twitter posts provided a comprehensive look at the public’s
perception of the US T21 amendment. Continued monitoring
can inform enforcement efforts and potential unintended
consequences of T21. Considering more tweets with a negative
attitude toward T21 than those with a positive attitude based on
our results, it is important to enhance health communication
about the underage use of tobacco products, for example,
launching health communication campaigns on social media,
which can reach more underage population. Furthermore,
machine learning models could allow for the assessment of a
greater number of tweets or posts found on other platforms that
may be lengthier.
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Abstract

Background: Video games have rapidly become mainstream in recent decades, with over half of the US population involved
in some form of digital gaming. However, concerns regarding the potential harms of excessive, disordered gaming have also
risen. Internet gaming disorder (IGD) has been proposed as a tentative psychiatric disorder that requires further study by the
American Psychological Association (APA) and is recognized as a behavioral addiction by the World Health Organization.
Substance use among gamers has also become a concern, with caffeinated or energy drinks and prescription stimulants commonly
used for performance enhancement.

Objective: This study aimed to identify substance use patterns and health-related concerns among gamers among a population
of Reddit users.

Methods: We used the public streaming Reddit application programming interface to collect and analyze all posts from the
popular subreddit, r/StopGaming. From this corpus of posts, we filtered the dataset for keywords associated with common
substances that may be used to enhance gaming performance. We then applied an inductive coding approach to characterize
substance use behaviors, gaming genres, and physical and mental health concerns. Potential disordered gaming behavior was
also identified using the tentative IGD guidelines proposed by the APA. A chi-square test of independence was used to assess
the association between gaming disorder and substance use characteristics, and multivariable logistic regression was used to
analyze whether mental health discussion or the mention of any substance with sufficient sample size was significantly associated
with IGD.

Results: In total, 10,551 posts were collected from Reddit from June 2017 to December 2022. After filtering the dataset for
substance-related keywords, 1057 were included for further analysis, of which 286 mentioned both gaming and the use of ≥1
substances. Among the 286 posts that discussed both gaming and substance use, the most mentioned substances were alcohol
(n=132), cannabis (n=104), and nicotine (n=48), while the most mentioned genres were role-playing games (n=120), shooters
(n=90), and multiplayer online battle arenas (n=43). Self-reported behavior that aligned with the tentative guidelines for IGD
was identified in 66.8% (191/286) posts. More than half, 62.9% (180/286) of the posts, discussed a health issue, with the majority
(n=144) cited mental health concerns. Common mental health concerns discussed were depression and anxiety. There was a
significant association between IGD and substance use (P<.001; chi-square test), and there were significantly increased odds of
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IGD among those who self-reported substance use (odds ratio 2.29, P<.001) and those who discussed mental health (odds ratio
1.64, P<.03).

Conclusions: As gaming increasingly becomes highly prevalent among various age groups and demographics, a better
understanding of the interplay and convergence among disordered gaming, substance use, and negative health impacts can inform
the development of interventions to mitigate risks and promote healthier gaming habits.

(JMIR Infodemiology 2024;4:e58201)   doi:10.2196/58201

KEYWORDS

internet gaming disorder; gaming disorder; substance use; alcohol use; nicotine use; stimulants; gaming; internet gaming; video
games; addiction; addiction medicine; digital mental health; reddit

Introduction

In recent decades, video games have become mainstream, with
US gamers spending an average of 13 hours playing each week
and over half of the US population involved in some form of
digital or internet gaming [1]. Furthermore, more than 90% of
children, teenagers, and young adults in the United States play
video games, and these demographics spend between 4.5 and
7 hours per day [2,3]. Though the effects of video games on
mental health have been examined over the years, with periodic
media sensationalization bringing the discussion to the forefront
of popular discussion, public debate remains ongoing over the
effect of video games on individuals and broader society.

As video games have grown in popularity, concerns about the
potential harmful effects of excessive and disordered gaming
have also arisen and become an important topic of research.
This has led to the concept of online gaming as an addiction in
the 1990s and, more recently, the recognition of gaming disorder
as a behavioral addiction by the World Health Organization
(WHO) and the proposal of internet gaming disorder (IGD) in
the latest edition of the DSM-5 (Diagnostic and Statistical
Manual of Mental Disorders [Fifth Edition]) as a tentative
psychiatric disorder that requires further study by the American
Psychological Association (APA) [2,4]. The proposed disorder
has been defined as a condition of “persistent and repeated
internet use for gaming, often with other players, that can lead
to significant distress or impairment” and includes 9 criteria,
of which 5 must be self-reported by an individual to meet the
criteria for IGD [5,6]. Criteria are available in Multimedia
Appendix 1. Notably, symptoms can be exhibited in either online
or offline settings [3]. Since its proposal, prevalence rates of
IGD have been estimated to be between 1% and 9% based on
various demographics. However, among American youth, a
recent study found that 8.5% of gamers met the disorder criteria
[3,7].

Concerningly, mental health concerns and IGD can co-occur
together and can share similar symptomology, including
problems in an individual’s personal, social, and occupational
life [8]. A 2018 review of the literature identified significant
correlations between IGD and a number of psychological and
other health problems, including bipolar disorder, anxiety,
depression, and social phobia [9]. Similar findings were reported
in a 2019 survey-based study, which also identified associations
between problematic video game use and lower self-esteem,
life satisfaction, perceived social support, self-efficacy, and

academic performance [10]. Anxiety has also been identified
as a risk factor for IGD [11].

IGD also shares many core features with other behavioral and
addiction disorders, including substance use disorder [12,13].
Both are thought to share underlying factors, including
impulsivity and escaping reality [13,14]. Hence, their
intersection has become a growing area of research. Specifically,
certain substances have significant use among gamers, with
caffeine, energy drinks, and prescription stimulants commonly
used for performance enhancement [15,16]. Recent studies have
found 40% of adult gamers use performance enhancing drugs
[17]. Furthermore, substance use and excessive gaming can
share a bidirectional relationship with excessive gamers at an
increased risk of alcohol, tobacco, and cannabis use and an
earlier onset and increased consumption of certain substances
correlated with increased gaming [13].

However, there remains limited research examining social media
discussions of substance use and disordered gaming
co-occurrence, despite that gamers commonly use online
discussion forums (such as Reddit [Advance Publications],
Discord, and dedicated online gaming community boards and
groups) to talk to others both during online gameplay, and in
offline settings. Online discussion forums represent access to
important communities, which provide rich contextual
information regarding gaming, as well as increased transparency
among those who post due to the ability to remain anonymous
[18]. Hence, this study aimed to identify substance use patterns
and health-related concerns among gamers who have engaged
in online discussions on Reddit regarding compulsive gaming
or video game addiction, adding to the growing body of
literature on video games, disordered gaming, and health.
Furthermore, we aimed to assess the potential relationship of
individuals who self-reported IGD characteristics, substance
use co-occurrence, and health concerns among a specific Reddit
gaming community and potential influences by game genre.

Methods

Participants
The subreddit r/StopGaming is a community on Reddit that is
described as a space to “to help those who struggle with or have
struggled with compulsive gaming or video game addiction,”
with an estimated 52,000 members and ranked in the top 3%
of communities on Reddit by size, at the time of data collection.
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Procedure
For this study, the public streaming Reddit application
programming interface was used to collect and analyze all
publicly available posts from r/StopGaming. Reddit was chosen
based on previous studies that have used the platform to
characterize substance use and gaming behaviors separately
[19,20]. First, to ensure this subreddit is appropriate for
examination, the dataset was filtered for keywords related to
disordered gaming, including “internet gaming disorder” and
“gaming addiction.” Then, to identify, characterize, and
elucidate substance use behavior among habitual gamers, the
dataset was filtered for keywords associated with substances
commonly used to enhance gaming performance and experience
(eg, stimulants, depressants, and other substances) [15]. The
full list of study keywords is available in Textbox 1. An
inductive coding approach was then applied to all initial posts
that contained selected substance use-related keywords of
interest to characterize self-reported substance use, game genres,
and physical and mental health concerns. Potential disordered
gaming behavior was also identified through self-reports using
the tentative guidelines for IGD, as proposed by the APA.
Coding criteria are available in Multimedia Appendix 1. To
facilitate analysis, individual games within a series were grouped
into a single property. Genre coding was determined based on

the commercial market’s classification of the game [21,22].
However, each game was assigned a single genre, chosen to
most comprehensively describe the gameplay. Genre
categorizations included the following: role-playing games,
shooters, multiplayer online battle arenas, action-adventure,
simulation and sports, strategy, survival horror, platformer,
puzzler and party, sandbox, and other (ie, encompassing all
other gaming genre categories not fitting the genres described).
First through fourth authors coded the data for study inclusion
and inductively coded themes and achieved a high intercoder
reliability (Cohen κ=0.95). Discrepancies in coding were
discussed among authors, and a consensus on the correct
classification was reached.

Data Analysis
Mean imputation was used to provide a complete dataset for
continuous variables, and mode imputation was used for
categorical variables. A chi-square test of independence was
used to assess the association between IGD and substance use
characteristics, and multivariable logistic regression was used
to analyze whether mental health discussion or the mention of
any substance with sufficient sample size (ie, nicotine, caffeine,
alcohol, or cannabis) was significantly associated with IGD
after accounting for the association with substance use.
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Textbox 1. Keywords related to disordered gaming and substance use were used for dataset filtering of posts collected from r/StopGaming.

Disordered gaming-related keywords:

• IGD

• internet gaming disorder

• gaming addiction

• game addiction

• video game addiction

Stimulant, depressants, and other substance-related keywords:

• Nicotine

• Vape

• Vaping

• Cigarette

• Cig

• Adderall

• Addy

• Vyvanse

• Ritalin

• Alcohol

• Booze

• Drinking

• Energy drinks

• Soda

• Caffeine

• Weed

• Cannabis

• Smoke

• Smoking

• Drugs

• Stimulants

• Marijuana

• Cocaine

• Meth

Ethical Considerations
This study involves the analysis of publicly available data from
Reddit, specifically posts from the r/StopGaming subreddit.
The data used in this research are entirely anonymous and
deidentified. No personally identifiable information was
collected or analyzed.

Results

A total of 10,551 posts dated from June 2017 to December 2022
were collected from r/StopGaming. After filtering the dataset
for disordered gaming-related keywords, 736 posts were
identified, averaging 367 words per post, and authored by 649

unique Reddit usernames. After filtering the dataset for
substance-related keywords, 1057 posts, averaging 443 words
per post and authored by 937 unique usernames, were included
for further analysis. Out of these, 27.1% (286/1057) posts
contained self-reports of both gaming and the use of 1 or more
substances. The overwhelming majority (277/286, 96.9%) were
written in first person about the user themselves, while the rest
(9/286, 3.1%) were written in third person about someone in
the user’s personal life. The age of the individual engaged in
gaming and substance use was self-reported in 30.4% (87/286)
posts, with a median age of 27 (range 14-45). The summary of
detected health topics, substances, and gaming genres and their
frequency is available in Table 1.
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Table 1. Qualitative characteristics of discussions found within r/StopGaming posts.

CountCharacteristics

r/StopGaming output, n

10,551Posts collected from r/StopGaming

1057Posts with relevant keywords

286Discussion of gaming and substance use (signal posts)

Discussion topics among signal posts (n=286) , n (%)

132 (46.2)Discussion of specific game genres

180 (62.9)Discussion of health

144 (50.3)Discussion of mental health

191 (66.8)Potential IGDa

Discussion of game genre (n=350) , n (%)

120 (34.3)Role-playing game

90 (25.7)Shooter

43 (12.3)Multiplayer online battle arena

27 (7.7)Action adventure

26 (7.4)Simulation and sports

16 (4.6)Strategy

10 (2.9)Survival horror

6 (1.7)Platformer

6 (1.7)Other

4 (1.1)Puzzler and party

2 (0.6)Sandbox

350 (100)Total mentions of genres

Discussion of specific substance in posts (n=286 posts; n=372 total mentions) , n (%)

132 (46.2)Alcohol

104 (36.4)Cannabis

48 (16.8)Nicotine

40 (14)Other

31 (10.8)Caffeine

10 (3.5)Prescription stimulants

3 (1)Illicit stimulants

3 (1)Hallucinogens

372 (100)Total mentions of substance

aIGD: internet gaming disorder.

Self-reported behavior that aligned with the tentative guidelines
for IGD was identified in 66.8% (191/286) posts. More than
half, 62.9% (180/286), of posts, discussed a health issue, with
the majority of those posts (n=144) citing mental health
concerns. Common mental health concerns discussed were
depression and anxiety. Among posts that discussed both gaming
and substance use, some mentioned more than 1 substance, with
a total of 372 mentions of a substance in 286 posts. The majority
(159/286, 55.6%) of substance use discussions indicated current
use at the time of posting, while the remainder (127/286, 44.4%)
indicated past use.

Discussion within the posts included a variety of topics, such
as reflections on the impact of gaming disorder on authors’
lives, progress updates, and expressions of encouragement.
Some authors made comparisons between their relationship
with gaming and their relationship with substance use. The tone
of the posts varied widely, ranging from expressions of deep
struggle and continued efforts to overcome the disorder to
feelings of embarrassment or shame for how disordered gaming
has negatively affected areas of their lives (eg, school and
academic performance, personal relationships, job performance),
and also sincere appeals for support and guidance from others
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in the community. The selected examples are available in Table
2, which have been truncated for brevity and anonymity.

The most mentioned substances in all posts collected were
alcohol (132/372, 35.5%), cannabis (104/372, 28.0%), and
nicotine (48/372, 12.9%). These numbers likely underrepresent
the use of cannabis and nicotine due to ambiguous discussions
related to “smoking” without specifying a substance. These
instances were instead coded as “Other.”

There were 133 posts that identified at least 1 specific game
name, title, or game genre. Within these, there were 350
mentions of a specific name or game genre. The genres most
mentioned were role-playing games (120/350, 34.3%), shooters
(90/350, 25.7%), and multiplayer online battle arenas (43/350,
12.3%). Overall, 120 distinct gaming properties were identified
across all posts. The top 3 properties, by number of times
mentioned, accounted for over two-thirds of all mentions. These
were League of Legends (37/120, 30.8%; Riot Games), World
of Warcraft (25/120, 20.8%; Blizzard Entertainment), and Call
of Duty (19/120, 15.8%; Activision).

The chi-square test for independence between IGD and
substance use disorder revealed a statistically significant
association (χ²1=29.83, P<.001). The expected percentage for
individuals without substance use and without IGD was
approximately 31.2% (330/1057), compared with the observed
percentage of 36.6% (387/1057). For individuals with substance
use and without IGD, the expected percentage was about 11.6%
(123/1057), while the observed percentage was 6.3% (67/1057).
For those without substance use and with IGD, the expected

percentage was around 49.3% (521/1057), with the observed
percentage being 44% (465/1057). For individuals with both
substance use and IGD, the expected percentage was
approximately 18.3% (193/1057), whereas the observed
percentage was 23.6% (249/1057). These observed percentages
significantly deviated from the expected percentages,
underscoring a meaningful relationship between IGD and
substance use.

In the multivariable logistic regression model where IGD was
the dependent variable and substance use and discussions of
mental health impacts were covariates, the model demonstrated
successful convergence with a log-likelihood of –624.03 after
5 iterations. For the substance use variable, the odds ratio (OR)
was 2.29 (95% CI 1.69-3.11; z=5.36; P<.001), with the odds of
having IGD as 69% for those with substance use and 30% for
those without substance use. For the impact on physical and
mental health covariate, the OR was 1.64 (95% CI 1.05-2.56;
z=2.17; P=.03), with the odds of having IGD as 62% for those
with physical and mental health impacts, compared with 38%
for those without such impacts. Nonsignificant associations
included nicotine use (28% for individuals using nicotine
compared to 29% for those not using nicotine; OR 0.96, 95%
CI 0.85-1.08; z=–0.594; P=.55), caffeine use (36% for
individuals not using caffeine compared with 37% for those not
using caffeine; OR 0.99, 95% CI 0.89-1.11; z=–0.276; P=.78),
alcohol use (40% for individuals using alcohol compared to
39% for those not using alcohol; OR 1.01, 95% CI 0.90-1.12;
z=0.239; P=.81), and cannabis use (31% for individuals using
cannabis compared with 32% for those not using cannabis; OR
0.98, 95% CI 0.88-1.10; z=–0.377; P=.71).

Table 2. Selected example posts from r/StopGaming (truncated for brevity and anonymity).

ExamplesThemes

“This year I've spent $2000 on games I don’t play. I don’t enjoy video games anymore. I hate them but I play because of
habit and boredom. I'd rather have that money now. I want to sell my PlayStation and never turn back. I lost so many oppor-
tunities because I would smoke weed and play video games all day like a loser. It's time I take accountability for my actions
and turn away from what makes me miserable. Instead of praying to God for a change I'm going to make a change myself.
Will I have the sudden urge to play games? Yes, but I can do something else like reading or drawing. I'm sorry video games,
but I'm done with you. I'm 25 now, I have shit I have to do. I ignored a lot of people who are no longer in my life because
I put YOU first.”

Author reflects on
money spent on games
and missed life opportu-
nities.

“[…] Gaming is barely seen as addictive. I only recognized I was addicted after feeling the extreme emotional high that
reminded me of doing a lot of cocaine. I recognized “… I have a problem”. Addiction is rooted in denial, and the very disease
of addiction makes you think that you have no problem. If people aren't aware of the fact that gaming can be addictive at
all, then there is no problem, right? Look at the sub count in this bar. There are 32,000 subs here. Marijuana is barely seen
as addictive in mainstream culture, and yet /r/leaves has over 4 times the number of subs. […]”

Author compares gam-
ing addiction to drug
addiction.

“[…] I'm sure I have a similar story to most of you, but I'm likely older than most (age redacted). Like many addicts, I'm
chronically depressed and have a pretty negative internal dialogue. Quitting games will give me the opportunity to be more
“in the moment” and spend time on activities that make me happy. IDK how often I'll check in here because, for me, Reddit
and gaming are intertwined to a high degree. But I'm here to learn and offer any advice I can from my own recovery from
alcohol.”

Author discusses rea-
sons for quitting and
offers insights from al-
cohol recovery.

“Online gaming with friends can be fun, but I am depressed by the amount of my life that I wasted in a virtual world. I have
over 400 hours in games. I was looking at the numbers today and became quite depressed. I have barely played any games
for the past 3 months because I have been so burnt out with school. I am a year and a half behind in college. I withdrew
from multiple semesters because I was so addicted to videogames. I would skip class and not do homework so that I could
play games all day. Then I'd take Adderall so I wouldn't sleep and play even more. […]”

Author reflects on how
time spent playing
games impacting aca-
demic progress.
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Discussion

As video games become widely mainstream across diverse
demographics of users (including console gaming, PC gaming,
mobile gaming, and through immersive technologies such as
virtual reality gaming), the concepts of disordered gaming and
video game addiction have gained considerable attention in the
public eye, leading to several countries having established
protocol for regulating gaming behavior and diagnosing and
treating IGD [3,23]. Previous research has found reason for
concern with similarities drawn between disordered gaming
and behavioral and addiction disorders, including substance use
disorder, and has highlighted concerns for the implications
disordered gaming has on social behavior and mental health
[12,14].

This study focused on a subset of gamers who already
self-identify as experiencing problematic gaming behaviors
evident from their posts in a dedicated gaming addiction
community, r/StopGaming, on the social networking website
Reddit. In these posts, individuals report various disordered
gaming behaviors and the impacts disordered gaming has had
on their lives, the vast majority from a first-hand standpoint.
Among the 1057 posts we analyzed, more than a quarter
(286/1057, 27.1%) reported the use of at least 1 substance and
active gaming. Furthermore, findings reveal that a significant
portion, over 3-quarters, of those who self-report the use of at
least 1 substance also meet the proposed criteria for IGD based
on self-reported behavior. A smaller percentage of those who
self-reported IGD-related behavior also self-reported the use of
at least 1 substance. These findings suggest that substance use
could contribute to the development of IGD, which supports
previous research that increased consumption or earlier onset
of use of certain substances may correlate to increased gaming
[13].

Furthermore, role-playing, shooter, and multiplayer online battle
arena games emerged as the most frequently mentioned genres.
These findings are similar to those from a previous
questionnaire-based study of 613 participants, which found the
risk of gaming disorder to be approximately 2 times higher in
individuals who preferred first-person shooter games and
massively online role-playing games [2]. These observations
may indicate that certain genres and games may be more
prevalent among gamers who engage in problematic gaming
behavior or may have features that promote addictive behaviors
inherent to their design or gameplay. However, just as with the
identified gaming properties, it important to note that these
genre preferences could also reflect broader trends in gaming
choices and may simply be representative of the distribution of
popular games and genres among the general gaming population.

The study found significant associations between IGD and
adverse mental health impacts, underscoring the complex and
potentially harmful interplay of gaming, substance use, and
mental health. These findings align with a previous review,
which also found significant correlations between IGD and
mental health conditions, depression, and anxiety [9]. While

this study did not seek to elucidate the authors’ gender from
their posts, the same review found higher video game usage
and higher levels of IGD among males [9]. Previous research
focused on adolescent males has found associations between
playing video games and poorer social and mental health [24].
These findings highlight the importance of recognizing
disordered gaming as a significant psychological concern and,
potentially, an emerging public health and men’s mental health
issue, though recent news reports also suggest that the number
of female gamers is also increasing as a whole and requires
further attention in the context of unique risk factors potentially
associated with IGD [25].

Yet, it is crucial to acknowledge that this study’s findings are
specific to a subset of gamers, those who see themselves as
having some degree of gaming addiction due to their
participation in the online r/StopGaming community. As such,
it may not capture the diversity of gaming behaviors and
attitudes among all gamers and lacks generalizability to the
general population of all those who play video games (eg, there
are also other online forums where users discuss gaming
disorders, addiction, and relapse, such as the forum “Game
Quitters” and its associated Discord channel). In addition,
though Reddit offers users a significant degree of anonymity
through features like customizable usernames, participation in
topic-specific subreddits without revealing personal information,
and the option to create throwaway accounts for sensitive
discussions, self-reported measures remain susceptible to recall
bias and social desirability bias, which could lead to over- or
underreporting of behaviors. Furthermore, factors such as age,
gender, and specific gaming preferences may have influenced
both gaming behaviors and substance use patterns, acting as
potential confounding variables. Finally, the categorization of
video games by one 1 single genre that best captures overall
gameplay is imperfect, as video games may be multifaceted,
offer a variety of gameplay options, and have features that
encompass more than 1 genre.

Future studies should focus on using validated measures to gain
deeper insights into the motivation behind problematic gaming
behavior and track longitudinal behavioral changes over time
to explore the cross-cultural influences on gaming behaviors
and substance use attitudes. A better understanding of the
influence of particular games and genres, as well as online
versus offline play, on disordered gaming behavior will also
require a more robust and standardized framework for defining
different elements of gameplay. However, the associations
identified do suggest a need for the development of more
accessible interventions tailored to individuals engaging in
problematic gaming behaviors. As gaming continues to grow
as a US $347 billion global market with widespread popularity
and increasingly diverse options to play and compete (eg,
esports), a better understanding of the interplay and convergence
between disordered gaming, substance use, and negative health
impacts can inform the development of targeted interventions
aimed at mitigating risks and promoting healthier gaming habits
needed for a population of multigenerational gamers worldwide
[26].
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Abstract

Background: Self-harm and suicide are major public health concerns worldwide, with attention focused on the web environment
as a helpful or harmful influence. Longitudinal research on self-harm and suicide–related internet use is limited, highlighting a
paucity of evidence on long-term patterns and effects of engaging with such content.

Objective: This study explores the experiences of people engaging with self-harm or suicide content over a 6-month period.

Methods: This study used qualitative and digital ethnographic methods longitudinally, including one-to-one interviews at 3
time points to explore individual narratives. A trajectory analysis approach involving 4 steps was used to interpret the data.

Results: The findings from 14 participants established the web-based journey of people who engage with self-harm or suicide
content. In total, 5 themes were identified: initial interactions with self-harm or suicide content, changes in what self-harm or
suicide content people engage with and where, changes in experiences of self-harm or suicide behaviors associated with web-based
self-harm or suicide content engagement, the disengagement-reengagement cycle, and future perspectives on web-based self-harm
or suicide content engagement. Initial engagements were driven by participants seeking help, often when offline support had been
unavailable. Some participants’ exposure to self-harm and suicide content led to their own self-harm and suicide behaviors, with
varying patterns of change over time. Notably, disengagement from web-based self-harm and suicide spaces served as a protective
measure for all participants, but the pull of familiar content resulted in only brief periods of disconnection. Participants also
expressed future intentions to continue returning to these self-harm and suicide web-based spaces, acknowledging the nonlinear
nature of their own recovery journey and aiming to support others in the community. Within the themes identified in this study,
narratives revealed that participants’ behavior was shaped by cognitive flexibility and rigidity, metacognitive abilities, and digital
expertise. Opportunities for behavior change arose during periods of cognitive flexibility prompted by life events, stressors, and
shifts in mental health. Participants sought diverse and potentially harmful content during challenging times but moved toward
recovery-oriented engagements in positive circumstances. Metacognitive and digital efficacy skills also played a pivotal role in
participants’ control of web-based interactions, enabling more effective management of content or platforms or sites that posed
potential harms.

Conclusions: This study demonstrated the complexity of web-based interactions, with beneficial and harmful content intertwined.
Participants who demonstrated metacognition and digital efficacy had better control over web-based engagements. Some attributed
these skills to study processes, including taking part in reflective diaries, showing the potential of upskilling users. This study
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also highlighted how participants remained vulnerable by engaging with familiar web-based spaces, emphasizing the responsibility
of web-based industry leaders to develop tools that empower users to enhance their web-based safety.

(JMIR Infodemiology 2024;4:e47699)   doi:10.2196/47699

KEYWORDS

suicide; self-harm; online; longitudinal; qualitative

Introduction

Background
Self-harm and suicide are major global public health concerns,
with >700,000 people worldwide dying by suicide each year
[1]. Attention has increasingly focused on the role of the web
environment in triggering, exacerbating, or normalizing
self-harm and suicide [2-4]. The amount of suicide-related
information accessible on the web has grown [5], and graphic
content depicting self-harm is increasingly available on social
networking platforms [6]. Research shows that self-harm and
suicide–related internet use is common among young people
[7], particularly those who are under psychiatric care [8] and
who go on to die by suicide [9].

There is a range of self-focused and social motivations for
engaging with web-based self-harm and suicide content. These
include accessing ongoing peer support or immediate help
during a crisis [2,10,11], documenting recovery from self-harm
[1,8], and researching suicide methods [12]. Moreover, research
has shown that the ways in which people interact with
web-based self-harm and suicide content vary depending on
their level of distress [11,13].

The diversity in self-harm and suicide material complicates the
experiences of content engagement. Research has identified
these content interactions as being both a public health concern
and a possible preventative measure [3,14], and studies have
recognized the potential for engagement to have both benefits
and costs [15]. Content with the potential to harm includes
information on high-lethality suicide methods [16], prosuicide
websites that may encourage suicide [13], and content describing
novel methods of self-harm [17]. Benefits associated with
accessing content include the role of the online community in
peer support, validation and acceptance of one’s own self-harm
or suicide feelings, and the opportunity for altruism when
helping others [2,10,18-20]. These benefits may be particularly
valuable given existing gaps in mental health care services and
the widespread stigma that people who self-harm or experience
suicidal thoughts encounter offline [2]. However, a recent review
suggested that the impact of engaging with particular types of
web-based self-harm or suicide–related content varies both
between and within individuals, with content that benefits some
having negative consequences for others and vice versa [15].
The review also identified only 4 longitudinal studies on the
impact of self-harm and suicide–related internet use. Of these
studies, 2 identified preventative effects of suicide prevention
websites and web-based health forums on suicidal ideation
[21,22]. One study showed minimal effects of search engine
helpline notices on future suicide queries [23], and another study
found that exposure to self-harm on Instagram predicted suicidal
ideation and self-harm–related outcomes [17]. However, none

of these studies used qualitative methods with their participants,
emphasizing the current paucity of evidence on how self-harm
and suicide–related web-based behavior evolves and the
long-term effects and experiences of engaging with such content
from the user’s perspective, including whether these are brief
or permanent.

Objectives
The aim of this study was to explore the motivations for and
consequences of viewing, searching for, and posting web-based
self-harm or suicide content over a longitudinal period.
Specifically, this study builds on existing knowledge by using
qualitative and digital ethnographic methods to explore
individual narratives of web-based engagement. Exploration of
“significant moments” and points of transition within the web
journey could also have substantial implications for the
prevention of suicide and reduction of self-harm [24].

Methods

Design
This was a 6-month qualitative ethnographic study that
investigated the stability and change in engagement with
web-based self-harm and suicide content. This involved 3
one-to-one interviews and daily diary completion by participants
over the study duration. We selected a 6-month time frame to
ensure that we could observe changes over time in web-based
engagement and associated behaviors [25,26] while also
remaining mindful of the considerable commitment required
for this ethnographic approach to maintain retention of
participants.

Ethical Considerations
Ethics approval was obtained from the University of Bristol
Faculty of Health Sciences ethics committee (reference:
117491). All participants provided written informed consent
before participation, and were informed that they could withdraw
from the study (including data withdrawal up to the time of
analysis), without giving a reason. During consent, participants
were assigned a participant ID used to identify their data and
ensure anonymity. They were also informed that their data
would be held confidentially and securely by the University of
Bristol according to its duties and obligations under GDPR and
the Data Protection Act. All participants were also compensated
for their time, receiving a total of up to £75 (US $94.79) for full
study completion.

Sampling and Recruitment
UK residents aged ≥16 years who were able to communicate
in English and had experience engaging with web-based
self-harm or suicide content were eligible. This included posting
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images, videos, memes, forum posts, blog posts, recovery posts,
or comments related to self-harm or suicide or engaging with
others’ self-harm or suicide–related content through reposting
and reblogging, quoting, liking, sharing, saving, subscribing to,
or commenting. They did not need to have previous experience
with self-harm or suicidal thoughts or behaviors.

Potential participants responded to advertisements posted
between November 2021 and April 2022 on social media
platforms (Facebook, Twitter [subsequently rebranded as X],
and Reddit subreddits [“r/AdultSelfHarm,” “r/StopSelfHarm,”
“r/BPD,” “r/MentalHealthUK,” and “r/malementalhealth”]),
via Tellmi—a UK-based young person mental health app), and
through charity websites and newsletters (Samaritans, SMaRteN,
The McPin Foundation, and MQ Mental Health Research).
Advertisements were posted once to platforms or sites until the
end of recruitment in April 2022; however, due to web-based
posting and reposting, it is possible that they were also shared
elsewhere by others. Permission was sought from moderators
or administrators before posting. Advertisements included a
link to an expression of interest form in which participants
consented via completion to the collection of brief demographic
information, if and when the person last self-harmed, the way
they were engaging with web-based self-harm or suicide content,
and what platforms they used. All respondents had engaged
with web-based self-harm or suicide content in some way.

This information was used to sample a diverse range of
participants from those who expressed interest and target
recruitment advertisements. Potential participants were sent the
study information sheet via email, and those who were still
interested in participating completed a consent form. Interviews
were then arranged via email. The demographic data of those
who did not participate were deleted. Once 14 baseline
interviews had been conducted, the study team considered that
there was good participant diversity in ethnicity and sufficient
gender diversity. In addition, we had a broad range of platforms
and apps represented in participant use. The authors also
identified high-quality dialogue data sufficient for analysis and
consistent themes to address the research aims. This resulted in
the data achieving good information power [27], and therefore,
recruitment was terminated. Information power was used as an
alternative to data saturation in this study as the diverse nature
of participant narratives meant that we were unlikely to reach
a point of saturation.

Data Collection
Written consent to participate was provided by participants
before entering the study. Participants were also required to
complete a mandatory safety plan, including contact details for
someone who could support them, their general practitioner’s
details (in case serious safety concerns arose), and a self-care
plan that was individually designed by each participant to suit
their needs (Multimedia Appendix 1). Study information was
sent to the parents or guardians of those aged 16 to 18 years as
a transparency measure. However, formal parental or guardian
consent was not deemed a requirement by the ethics committee
given the ages of the participants involved. As part of the study,
a distress protocol was developed with a clinician to manage
the risk of worsening mental health or increased self-harm or

suicidal thoughts as a result of participation in the study.
According to the protocol, participants would first be referred
to their own safety plan if their mental health declined as a result
of the study. A hierarchy of responses was specified in cases of
more serious distress, including the options of offering follow-up
support from UK suicide charity “Samaritans” or calling upon
the advice of a named senior clinician. However, study-induced
distress was not reported by participants during the study, and
therefore, such responses were not actioned by researchers.

One-to-one interviews were conducted at baseline and the 3-
and 6-month time points via Zoom (Zoom Video
Communications) with just the researcher and participant
present. The interviews were open-ended and flexible, using
probing techniques where appropriate, and structured loosely
using a topic guide. The main topics explored were “history of
self-harm and suicide feelings”; “current and historic web-based
activity related to self-harm and suicide content”; “patterns,
motivations, and impact of web-based content engagement”;
“critical moments in the web-based content engagement
journey”; “keeping safe on the web”; and “experiences of
web-based moderation and blocking.” The topic guides were
originally refined using feedback from 2 lived-experience
experts. Throughout the study, the topic guides continued to be
iteratively adapted between interviews, grounding question
modifications in the study data. The interviews were conducted
by ZH, LK, or LB and lasted between 35 and 80 minutes (with
baseline interviews averaging 65 [SD 8.55] min and follow-up
interviews averaging 45 [SD 2.87] min). They were audio
recorded using an encrypted device and then transcribed.

Diaries
Participants completed daily diaries independently between
interviews. These diaries served as an ethnographic tool and
were introduced at the end of the baseline interview. Blank
digital templates were then provided periodically via email.
Each covered a 4-week period and had 3 main components
(daily recording of content engagement, mood ratings, and a
weekly reflection of content impact). Each participant was asked
to complete 5 diaries in total. Entries were used to formulate
personalized follow-up interview schedules in which further
information or clarifications could be sought from participants.

Measures
Self-reported mental well-being data were collected from
participants at baseline and monthly intervals to coincide with
diary data collection. This was done via surveys on
SurveyMonkey and included validated measures for assessing
anxiety, depression, and psychological well-being (Multimedia
Appendix 2 [28-31]). These data were used to characterize the
sample and identify whether changes in mental health and mood
reported by participants during the study interviews and in the
diary data were reflected in outcome measure scores.

Data Analysis

Descriptive Analysis
Participant baseline demographic characteristics were reported
as proportions or frequencies, as appropriate. Individual
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trajectories for well-being measures were represented visually
using line graphs.

Qualitative Analysis
A trajectory analysis approach [32] was undertaken to interpret
interview data temporally using the following steps:

1. Baseline interviews were transcribed, and then, through
coding, themes were derived deductively from topic guide
questions and inductively from the data themselves. ZH,
LK, and LB separately listed preliminary themes and then
refined and revised them collaboratively (Table S1 in
Multimedia Appendix 2).

2. Initial matrices were produced for each participant, which
included data from the baseline and the 3- and 6-month
interviews. These were ordered so that each row was
dedicated to a theme established in the previous step. Time
points were then assigned to each column. Web-based
engagement time points included “initiation,” “historic,”
“current,” “never,” and periods of “disengagement and
reengagement.” These time points were adapted from the
original trajectory approach [31] to preserve the
“chronological flow” of the data collected during this study.
This allowed us to acknowledge historical content
engagement and the nonlinear flow of participant journeys
as the levels of engagement fluctuated, ceased, and restarted.
This also enabled the inclusion of participants who were
only interviewed at baseline (due to dropout) as their data
included information about past experiences. Data were
formatted according to a “key” using text color to denote
the site or platform used and highlighting whether it was
related to a significant web event. An event was deemed to
be “significant” if the participant recalled it as such or if
the researchers found evidence within the narrative that it
had a significant impact on the participant’s thinking or
behavior. Matrices were developed by extracting relevant
quotes or context summaries for 2 participants by ZH, LK,
and LB, and once consistency in interpretation was
achieved, ZH and LK separately constructed the remaining
initial matrices, with ongoing discussion between the
researchers to ensure that all the data were captured.

3. Second matrices were then constructed for each participant.
These were ordered with the initial themes as column
headings. Each row represented an web-based platform or
site used by the individual and included condensed versions
of the “journey” that participants had experienced for each
theme. The comparison allowed us to explore possible
patterns in theme content by platforms or sites used. Second
matrices were created by ZH for each participant and
reviewed by LK and LB.

4. With all matrices complete, ZH, LK, and LB met to discuss
similarities and differences across participant trajectories,
noting trends, patterns, and outliers. Member checking of
transcripts did not occur in this study due to funding and
time constraints. During qualitative meeting discussions,
overarching longitudinal themes were finalized.

Results

Participant Flow
The participant flow through the study is shown in Figure 1.
There were 92 expressions of interest. Of the 77 individuals
who were sampled and sent study information, 63 (82%) did
not respond and 14 (18%) took part. Data from the expression
of interest forms showed that participants were less likely to
respond to the research invite if they were younger (aged 16-24
years), had never hurt themselves on purpose, or had self-harmed
in the last week.

Of the 14 participants who completed a baseline interview, 8
(57%) completed a midpoint interview, and 7 (50%) also
completed the end-point interview. On the basis of preliminary
observations of demographic characteristic data from the final
sample, it appears that participants of non-British ethnicity may
have had a lower likelihood of completing the study compared
with those of British ethnicity. However, it should be noted that
this observation was not tested statistically (Table S2 in
Multimedia Appendix 2). Throughout the study, participants
regularly completed their diaries, with study completers
returning 77% (27/35) of the distributed diaries.
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Figure 1. Participant flow through the study. Note: diaries were considered completed if one or more responses were provided.

Participant Characteristics
The characteristics of those who completed the baseline
interviews (N=14) are displayed in Table 1. Of the 14
participants, 4 (29%) self-identified as male and 10 (71%)
self-identified as female. Their ages ranged from 16 to 52 years,

with 18 to 24 years being the most prevalent age group
represented. There was a range of ethnicities, with almost half
(6/14, 43%) of the participants being from global majority
groups. Participants had engaged with self-harm or
suicide–related content on a wide variety of sites and platforms.
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Table 1. Participant characteristics at baseline (N=14).

Participants, n (%)Demographic variables

Gender

4 (29)Man

10 (71)Woman

0 (0)Nonbinary

Ethnicity

2 (14)Asian British

2 (14)Asian other

1 (7)Black British

0 (0)Black other

7 (50)White British

1 (7)White other

1 (7)Mixed

Age (y)

1 (7)16-17

7 (50)18-24

0 (0)25-35

4 (29)36-45

2 (14)46-54

0 (0)≥55

Have you ever hurt yourself on purpose?

14 (100)Yes

0 (0)No

Website or platform used to access contenta

3 (21)Instagram

5 (36)Facebook

1 (7)TikTok

6 (43)Twitter

3 (21)Tumblr

1 (7)Weibo

1 (7)Discord

1 (7)WhatsApp

3 (21)YouTube

3 (21)Suicide forums

aParticipants were able to select more than one option.

Participant IDs
Participant IDs were assigned during the consent process to
ensure anonymity. As participants were aware of their assigned
IDs, these were changed in the manuscript (see further details
in Multimedia Appendix 2).

Descriptive Analysis Results
Individual line graphs for each well-being measure demonstrated
fluctuations in mental health throughout the 6-month study

period that reflected participant journeys recalled through
interviews (Multimedia Appendix 2). One participant, IDB,
scored poorer at 6 months on the Entrapment Scale–Short Form
(which measures feelings of entrapment in a concise manner)
than at baseline; however, the decline was minimal. All other
study participants (13/14, 93%) improved from baseline or had
no change in total score at the study end point in all quantitative
measures, although no statistical analysis of change was
undertaken.
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Longitudinal Qualitative Analysis

Overview
The themes developed following trajectory analysis included
(1) initial engagements with web-based self-harm or suicide
content, (2) changes in what self-harm or suicide content people
engage with and where, (3) changes in self-harm or suicide
behaviors associated with web-based self-harm or suicide

content engagement, (4) the disengagement-reengagement cycle,
and (5) future perspectives on self-harm and suicide content
engagement. The themes and their constituent subthemes are
summarized in Textbox 1.

Within these themes, fluctuations in mental health and control
were identified as significant factors impacting behavioral and
emotional responses to web-based content and, therefore, will
be further explored in the following sections.

Textbox 1. Themes and subthemes.

Initial engagement with web-based self-harm or suicide content

• Motivations for initial web-based self-harm or suicide content engagement

• Experience of engaging with self-harm or suicide content for the first time

Changes in what self-harm or suicide content people engage with and where

• Changes in types of web-based self-harm or suicide content engagement over time

• Balancing curiosity and control

• Changes in posting web-based self-harm or suicide content over time

Changes in self-harm or suicide behaviors associated with web-based self-harm or suicide content engagement

• Personal risk associated with web-based self-harm or suicide content engagement

• The precipitative and protective effects of engagement with self-harm or suicide content on self-harm or suicide behavior

The disengagement-reengagement cycle

• Disengagement from web-based self-harm and suicide content

• Reengagement with web-based self-harm and suicide content

• Longer periods of disengagement

• Limiting content engagement: strategies

Future perspectives on self-harm and suicide content engagement

Initial Engagement With Web-Based Self-Harm or
Suicide Content

Motivations for Initial Web-Based Self-Harm or Suicide
Content Engagement

Our first theme captured historical accounts of engaging with
web-based self-harm and suicide content. Participants in this
study, most of whom (12/14, 86%) had already self-harmed,
initially engaged with web-based self-harm or suicide content
following attempts to seek help offline during mental health
declines. Those who attended mental health services and
received new or changes in diagnoses generally reported leaving
unsatisfied, citing reasons that included lack of support,
inadequate availability, or feelings of being “dismissed” (IDH;
baseline interview) due to a perception of low risk. Some were
unable to access services at all or felt that attending was not
worthwhile. These mental health declines alongside gaps in
service provision were the common catalysts for initial
web-based searches for self-harm and suicide content. While
some of these searches were motivated by a desire to seek help,

they varied among participants, with some also seeking
information on self-harm and suicide methods:

So, I’d been to the doctors...I’d already tried looking
for help, I was waiting for a referral to the CMHT
[Community Mental Health Team]...And then within
a couple of days I’d started lightly [cutting] on my
hand then I moved up to my arm, and then I was
looking for support groups online, just general
support groups. [IDB; baseline interview]

Experience of Engaging With Self-Harm or Suicide Content
for the First Time

The experience of initially encountering self-harm or suicide
content on the web is captured through the participant responses
in Table 2. Only 14% (2/14) of the participants recalled first
coming across content unintentionally, with most (12/14, 86%)
describing purposeful searches to access material. While most
of these searches were for help and support, 14% (2/14) of the
participants reported seeking information about methods for
self-harm or suicide, and 7% (1/14) of the participants were
uncertain about what they were hoping to find but acknowledged
that support-focused sites were unhelpful to them at that point.

JMIR Infodemiology 2024 | vol. 4 | e47699 | p.169https://infodemiology.jmir.org/2024/1/e47699
(page number not for citation purposes)

Haime et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. Quotations related to the experience of first encountering web-based self-harm or suicide content.

QuotationsDescriptionReaction

First engagement with
web-based self-harm or
suicide content produced
a negative response.

Negative • “That’s not what I was looking for [support sites], I didn’t want help, at that point I was beyond help.”
[IDH; baseline interview]

• “...I was researching [a suicide method]...what’s required and the best way to manage [that]...It was
scary. It’d have been really easy just to have thought, well, actually, I know more about it now and I
can do that.” [IDC; baseline interview]

• “I received a picture on WhatsApp of someone, of a friend at the time who was self-harming and she
basically just sent me a picture of her scars. I think that that image has stayed with me until today, and
I think it’s one of the reasons why I’m so careful because it’s not something that I want to see again.”
[IDI; baseline interview]

Participants experienced
both positive and nega-
tive responses to the first
engagement with web-
based self-harm or sui-
cide content.

Mixed • “...because people were experiencing very similar things to what you were experiencing you wanted
to have more of that. It was a good environment in one respect, but it was a very toxic environment
in the next because you were listening and you were going, ‘Oh, I’ve been through that.’ But it wasn’t
helping. It was actually pushing you down a bit because you were getting ideas [about how to self-
harm].” [IDG; baseline interview]

• “I think I was just surprised that there was so much content out there. And yeah, that they haven’t been
removed, and I think...I guess a sort of comfort knowing that there were others out there who were
also going through tough times...And I think, I guess also shocked at how severe some [images of self-
harm] are yeah.” [IDL; baseline interview]

First engagement with
web-based self-harm or
suicide content produced
a positive response.

Positive • “I applied to go onto that [Facebook] group just so that I could reach out to people and find out more
from survivor-led experiences. And people offered support to each other, and I felt that was quite a
good thing to do.” [IDA; midpoint interview]

• “It made me feel a lot less alone just knowing, even if they were anonymous people out on the internet
that could be wherever in the world, that there were other people, and I wasn’t the only person feeling
like this. It was so beneficial, especially as a young teen.” [IDF; baseline interview]

Some participants sought support-related content, and others
not intending to access self-harm or suicide content at all
unintentionally came across graphic content (eg, images of fresh
self-harm) or suicide method descriptions during their first
engagements. Those whose initial interactions were with this
type of self-harm or suicide content described feelings of distress
even when this was the content they were seeking out. Some
of these participants (2/14, 14%) recognized that this content
could inadvertently validate and trigger their own self-harm and
suicide feelings and behaviors, making them feel more at risk.
In cases in which participants first engaged with web-based
self-harm or suicide content in a discussion forum or peer
support group, they were more likely to respond positively,
describing how they felt less alone and were able to share
experiences with others. However, some participants (2/14,
14%) had mixed emotions—it was comforting to know similar
others existed, but processing extreme content was challenging
and subjected them to information about novel self-harm and
suicide methods, revealing their lack of control over what they
were exposed to.

Changes in What Self-Harm or Suicide Content People
Engage With and Where

Changes in Types of Web-Based Self-Harm or Suicide
Content Engagement Over Time

All participants continued interacting with online self-harm or
suicide content after their initial encounter even if it had been
a negative experience. In cases in which they had positive initial
engagements, participants continued to use the same platforms
to access self-harm or suicide content in the long term. When
those platforms or sites became obsolete, they sought out
equivalent content in other web locations. Participants who had
negative initial interactions accessed different platforms or sites
searching for self-harm or suicide material that resonated with
them.

Although participants had self-harm and suicide content that
they accessed in a stable and routine manner, many also
described occasions when they would change what they were
accessing. Most participants (12/14, 86%) explained that
different content satisfied different needs depending on their
current mental state or mood. Examples of this can be found in
Textbox 2.
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Textbox 2. Web-based self-harm and suicide content accessed during mental health changes.

Change in content accessed due to mental health declines

• “On a good day I can be in there and I can be supporting others and helping them and building them up. And then on a bad day I’ll be the one
looking for support and asking for somebody to you know pick me up a little bit. So, it very much depends on what mood I’m in that day to be
honest.” [IDB; baseline interview]

• “If you are depressed and you start like looking at videos that are to do with that sort of thing it’s so easy for you to be in the spiral of just like
looking at more and more content about suicide and stuff like that...” [IDK; baseline interview]

Change in content accessed due to suicidal feelings or intentions

• “When I am thinking about self-harm, I will just look it up online. I go to the text service when I have suicidal feelings.” [IDF; baseline interview]

• “That’s when [‘if I’m in a really bad crisis’] I’m more seeking it out, so Tik Tok I’m not actively seeking out that content [ok] but that’s when
I’m actually seeking it out, thinking I want to die, that’s when I start accessing suicide forums and stuff.” [IDK; baseline interview]

Change in content accessed due to mental health improvements

• “I’ve reached a place where I feel like I want to kind of, hear more about recovery and things like that. I think that’s why I found this sort of
[‘recovery-based images’] content useful to look at. And I think that, I don’t think I’m triggered by it, but I also don’t want to interact with that
kind of content where people are talking about their own [recovery] journeys because I’m not in that kind of place or not in a place where I want
to hear about that kind of stuff at the moment. So, yeah, kind of like more interactions with the positive stuff, I think.” [IDI; final interview]

Dips in mental health often resulted in changes in the way
participants engaged on the web, such as posting their own
self-harm or suicide material rather than just interacting with
others’ content. In cases in which participants experienced
sustained episodes of poorer mental health, self-harm and suicide
content was also seemingly accessed more frequently and
sometimes uncontrollably through “habit” (IDG) or “addiction”
(IDC and IDH), with 21% (3/14) of the participants describing
it as falling down a “rabbit hole” (IDJ, IDL, and IDF). In total,
7% (1/14) of the participants reported how this compulsive
engagement with self-harm or suicide content interrupted
elements of their usual social and occupational functioning:

Even through work time I would take ten minutes and
just read some of it. [IDH; baseline interview]

Directly questioning participants about web-based engagement
when feeling “actively suicidal” elicited similar reported changes
in behavior. A couple of participants described engaging with
different content—notably turning to web-based suicide
organizations and charities or friends and family members
offline when they needed support for suicidal thoughts rather
than their usual web-based resources for self-harm or suicide
content. However, another 21% (3/14) of the participants
described how prominent suicidal thoughts were more likely to
result in them returning to prosuicide forums, where they would
seek or check resources for their own suicide plans.

Improvements in mental health saw participants more likely to
transition to web content of a recovery-based nature while often
sticking to the same web-based locations. Some participants
(3/14, 21%) also attempted to limit web engagement with greater
use of offline resources such as community help centers or
taking part in meaningful activities.

Balancing Curiosity and Control

Other participants came across content unexpectedly in their
web journey or seemed to spontaneously seek out different
self-harm or suicide content due to “curiosity.” Some described
the ability to negotiate novel self-harm and suicide content with

a developed sense of control over time, skipping over or
avoiding engaging with content that was undesirable to them:

Being able to scroll past content with trigger warnings
of self-harm pics has been quite a new thing. Like in
the last year-ish, before then I wouldn’t have been
able to have done that. I’d have looked. [IDJ; baseline
interview]

However, others described tensions between curiosity and
control and how that curiosity led them to seek out different
self-harm or suicide content. For example, 14% (2/14) of the
participants, who read a news article on a person’s death by
suicide that referenced web-based prosuicide forums, went on
to search for them:

...I saw it [article on death-by-suicide of person who
used pro-suicide forums] in the news. When you see
something in the news, especially on the BBC website
you know...it’s quite serious stuff. So, then you end
up looking further. Now sometimes you have to be
careful because you get drawn into it and I think you
have to sort of say to yourself, “I’m only going to
spend a few minutes doing this...” [IDE; midpoint
interview]

The functions of social media sites (eg, hashtags or algorithms)
could also enable unintentional content encounters, making
control over engagements less feasible:

I guess sometimes that like tags on social media
and...it’s usually by chance, I don’t actively go and
seek them, but sometimes it appears and then I kind
of just go down a rabbit hole of looking at more of
such content. Even though I didn’t do it intentionally.
[IDL; baseline interview]

Another participant explained that, in transitioning from
self-harm and suicide content that no longer resonated, they had
less control over what they engaged with:

I think recently, it’s like I don’t know what I’m looking
for, but it’s like I know that I haven’t been able to
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find it...So, I think it’s normally looking through my
explore page instead of searching for anything in
particular... [IDI; midpoint interview]

Changes in Posting Web-Based Self-Harm or Suicide
Content Over Time

For some participants (5/14, 36%), posting content seeking help
and support regarding self-harm or suicide feelings or looking
for ways to stay safe while self-harming was an early action in
their web journey (IDA, IDB, IDC, IDD, and IDG). Others also
posted detailed descriptions of suicide methods they were
considering on discussion forums (IDH, IDK, and IDD), blog
posts detailing their own self-harm and suicide feelings (IDN),
and images of quotes on Instagram with captions about their
mental health (IDI). One participant sent images of their own
self-harm via direct messaging after other users requested them
(IDK).

A total of 21% (3/14) of the participants in the study refrained
from publishing their own content publicly (IDF, IDL, and IDJ).
Of these 3 participants, 2 (67%) posted content privately
(meaning that it was posted on the web but was only visible to
them). Both participants described this as their way to “vent”
(IDF) or “rant” (IDL) when upset and an opportunity to
document their journey.

Notably, all 3 “observation-only” participants mentioned valuing
their anonymity in the web space and refraining from online
community interactions. They also emphasized that the potential
for posts to negatively affect others deterred them from posting
self-harm or suicide content publicly:

I always felt quite conflicted about reposting other
people’s content related to it [photos or videos of
fresh self-harm]. I feel like it’s one thing for me to
look at it because they’ve posted it...versus me
reblogging it to my own blog. I don’t know. It’s odd
to explain it but it just felt weird. [IDF; baseline
interview]

Another participant reported posting content in one context
(asking for support on a Facebook group) but not posting
“graphic images” (IDC) due to fear that it may cause harm to
children. This particular concern for young people viewing
content was echoed by IDF, IDH, and IDK.

IDN, who initially described making public blog posts about
their own self-harm, later made these private due to a realization
that the material may negatively affect others as well as an
attempt to maintain anonymity. IDI also reported a change in
posting behavior during and as a result of taking part in the
study. After initially posting about their experiences in an
attempt to raise mental health awareness, they reflected on their
tendency to put a “positive spin” (IDI) on content, and by the
6-month follow-up interview, they had reduced the frequency
of their posts as they began to question their own authenticity.
They considered that, if they posted about their negative
experiences, it would likely have a harmful effect on others,
and so they refrained from posting.

Finally, one participant also noted that access to psychological
therapy reduced their need to post on the web for support:

[I haven’t posted] for quite some time actually. I can’t
remember the last time I did that. It would be over a
month ago easily. Yeah, I haven’t needed to really.
[IDA; final interview]

Why do you think that is? [Interviewer; final
interview]

Because I could handle whatever I was thinking
probably on my own or bring it to the next...because
I’m having weekly sessions with my psychologist...
[IDA; final interview]

Changes in Self-Harm or Suicide Behaviors Associated
With Web-Based Self-Harm or Suicide Content
Engagement

Personal Risk Associated With Web-Based Self-Harm or
Suicide Content Engagement

As described previously, some participants identified risks after
their initial exposure to web-based self-harm or suicide content
(Table 2). Others recognized potentially harmful consequences
after longer periods of engagement. Some thought that the
content they engaged with gave them implicit “permission” to
carry out similar self-harm or suicide behaviors (IDG, IDH,
IDJ, IDK, and IDN):

It makes it [completing suicide] feel less scary and
like being able to hear people talk about what
happened to them, them saying it’s not that bad, like
it wasn’t...it just felt like nothing, it makes it feel a lot
easier to do it if you know what I mean? [IDK;
baseline interview]

Some found that their own self-harm or suicidal behaviors were
influenced by self-harm and suicide information they had
gathered on the web (IDJ, IDK, IDL, and IDB):

...there were some posts which would link to other
websites where you could get resources [information
on overdose statistics]. I’d say definitely at the start
of my mental health journey that was quite a turning
point for me. Because it was just an idea and then it
became a possible thing to do. [IDJ; baseline
interview]

Another participant experienced feelings of jealousy over the
self-harm people had engaged in, which resulted in them feeling
the need to escalate their self-harm behaviors:

I think that was that self-comparison to myself...maybe
I’m being too scared or I’m not trying hard enough...
[IDL; baseline interview]

The Precipitative and Protective Effects of Engagement
With Self-Harm or Suicide Content on Self-Harm and
Suicide Behavior

The feelings and behaviors that participants experienced
following engagement with web-based self-harm or suicide
content are shown in Table 3. Content could be precipitative or
protective for participants depending on when they encountered
it in their journey. Several participants (5/14, 36%) recalled
engaging in self-harm and suicide behavior as a result of
engaging with web-based content. A few of these participants
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(4/14, 29%) went on to describe changes in their self-harm and
suicide behaviors related to content engagement over time,
implying that the effect could change from precipitative to
protective. This included living vicariously through others’
self-harm images (IDF and IDL), finding content engagement
relaxing (IDC), and using content searches as a way to delay or
stop their own suicidal behavior (IDD). One participant
suggested that such changes in behavior were due to building
their own mental resilience over time:

I wouldn’t say the internet content changed, it would
be more like I’ve changed to deal with what the
internet’s providing me. [IDJ; baseline interview]

Another participant recognized the need to consistently
“check-in” with their own mental health before engaging on the
web:

It’s just about how I’m feeling, like do I feel like I
have the capacity to deal with the internet really, do
I actually want to look at what people are saying and
what people are posting. [IDF; midpoint interview]

For some, there was less consistency regarding whether
engagements with self-harm and suicide content would result
in helpful or harmful circumstances. This was exemplified by
one participant who stated that their searches were usually
protective and kept them occupied when their suicidal thoughts
were most intense:

I think there is a part of me that does it [conducts
searches for self-harm and suicide content] to buy
time. [IDB; final interview]

However, this participant also reported attempting a new form
of self-harm at the midpoint interview after learning about it
through a peer support group on Facebook.

Table 3. Precipitative and protective effects of web-based self-harm or suicide content engagement identified by participants.

QuotationsFactor and description

Precipitative factors

Self-harm or suicide behavior as
a consequence of engaging with
web-based self-harm and suicide
content

• “It could also be really detrimental because many times, I would just come away feeling much more
triggered than previously and then would engage in the behaviour [self-harm].” [IDF; baseline interview]

• “One of the [posts] got taken out of a group [by me] because it was talking about bloodletting and since
then, I’ve bought syringes and needles to try and do it myself.” [IDB; midpoint interview]

• “How did you then cope with the fallout of what you’d seen [distressing self-harm and suicide content]?”
[Interviewer; baseline interview]

• “I coped by self-harming. Yeah, and I write lots as well. So yeah, writing about how I feel and what I
saw.” [IDC; baseline interview]

Protective factors

Vicarious experiences through
self-harm or suicide content

• “It would mainly be trying to vicariously live out things through other people. So, I had a particular urge
but wasn’t in a position where I felt like I could self-harm or necessarily wanted to and almost living
those experiences through somebody else’s experience which was one of the ways that it [viewing self-
harm material] could be really beneficial for me because it could almost meet that urge without me having
to engage in the behaviour.” [IDF; baseline interview]

Delaying or stopping own self-
harm or suicide behavior

• “I don’t really need to research it [suicide method] anymore. Sometimes, I do it anyway and I just re-re-
search, re-read it and re-check my facts but it can be a way of preventing me from doing anything.” [IDB;
final interview]

• “How do you mean?” [Interviewer; final interview]
• “It’s like there are levels to it, aren’t there? That’s what I find anyway. It starts with thoughts, then it turns

to urges and once you get to that urge stage, you need to feel like you’re doing something, whereas, re-
searching it [suicide method] is better than actually putting the tablets in your mouth. It gives you that
extra step before you get to that point, if you see what I mean.” [IDB; final interview]

Calming effect • “How did you feel [coming across images of self-harm]?”[Interviewer; midpoint interview]
• “Quite relaxed because that’s what I do [self-harm], so I could identify with them, those people who’d

done things like that.” [IDC; midpoint interview]

Disengagement-Reengagement Cycle

Disengagement From Web-Based Self-Harm and Suicide
Content

Most participants (8/14, 57%) reported entering a cycle of
disengagement and reengagement during their web-based
self-harm and suicide content journey. Disengagement was
usually temporary, with participants choosing to have “no phone
days,” deleting their accounts, finding offline activities to take

part in, or being forced to disengage due to lack of internet
access.

Most often, disengagement was purposeful but impulsive. It
would usually occur during periods of compulsive engagement
when participants recognized a lapse in their control or as a
reaction to a significant life event that resulted in mental health
decline. Life events that occurred during this study included
suicide bereavement, hospitalization, bullying or victimization,
and experiences of exam- or work-related stress. The act of
intentionally disengaging from self-harm or suicide content was
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usually a conscious decision to reclaim control over their
web-based actions.

A total of 14% (2/14) of the participants reflected on changes
in their disengagement behavior while in the study (IDC and
IDI). Previously, similar to other participants, they reported a
tendency to compulsively access content during periods of
poorer mental health followed by impulsive disengagement.
However, at the 6-month interview, both participants described
an improved ability to recognize their patterns of web-based
behavior (Table 4). This understanding and insight empowered
the participants to purposefully disengage during declining
mental health episodes as a strategic means of regaining control
over their behavior.

However, when other participants were forced to disengage
from content because of intermittent internet access or physical
health problems, they were often left with feelings of loss.
Although one participant described this unintentional
disengagement as an opportunity for brief respite from self-harm
and suicide content engagement, its existence remained a
reassuring presence:

I knew I could access them if I needed to, but I
thought, “No, I’m having a week off and I’m going
to try and distance myself from this as much as I can.”
[IDA; final interview]

Table 4. Reasons for disengagement from web-based self-harm or suicide content—from final interviews.

QuoteParticipant ID and reason
for disengagement

IDC

“It felt like I needed to look after myself and that I needed that break to try and keep myself safe. One of the things that
this research has taught me and helped me understand, it’s helped me understand more about how social media impacts
upon me. So, I think social media can be a source for good. I think you also need to recognise that sometimes you need a
break.”

Mental well-being

“I really crashed down, and it scared me because I’d had a lovely weekend. Things are generally a lot better, and it scared
me in that I can still crash down and fluster myself. I didn’t trust myself to be researching suicide, self-harm...And there
was a part of me that knew that I wanted to live, there was a part of me that knew I could spiral out of control, and I didn’t
want to spiral out of control. And I’ve alluded to the fact that I’ve learnt personally a lot about myself during the six
month’s research and how I use social media. And for me that Monday when I made that decision [to disengage from self-
harm content] it was really positive.”

Regaining control

IDF

“I think just to prevent myself from falling down a rabbit hole and looking at content that I know wasn’t good for me. And
just feeling like so I’ve always been one of those people that I sort of like to sort of physically remove myself from things
and remove things from me. So that’s one of the reasons why I do that.”

Regaining control

“So, I think it was about a month ago now and someone who was quite active in Twitter (X) and the mental health recovery
community passed away from what I feel was suicide. That’s not been confirmed but when all of that happened, I did take
a couple of days off the internet just to, I guess, process things there.”

Mental well-being

Reengagement With Web-Based Self-Harm and Suicide
Content

Participants described various reasons for reengagement with
web-based self-harm and suicide content, including a “fear of
missing out” with the community (IDA, IDC, IDM, and IDK),
wanting to use the site or platform to access other types of
content (IDE, IDF, and IDI), procrastination or boredom (IDI
and IDK), and the need to perform web-based responsibilities
(eg, work or moderating roles within self-harm and suicide
communities; IDI, IDA, and IDB). Some participants (5/14,
36%) claimed that they weighed the advantages and
disadvantages of web-based content engagement before
reengaging. Several participants (3/14, 21%) felt that the benefits
of reengaging with self-harm and suicide content, such as feeling
part of a community, were enough to justify the potential risks.
As this participant noted, while the experience could be
upsetting at times, it was still considered useful in light of the
rewards of engagement:

With Twitter [X], I deleted that as well, but I felt like
actually I missed the community and felt out of touch
with people, so I actually found that useful

[reengaging], as much as sometimes it’s upsetting,
it was useful. [IDK; baseline interview]

There were also differing accounts of reengagement due to
mental health improvements and declines. One participant
described feeling more in control once their mental health was
stable:

I think I was in a better place emotionally and with
my mental health...And I just felt stronger, I genuinely
felt stronger and more positive. It’s a better time of
year for me...I’ve started some new medication...So,
I think that’s a factor as well and me feeling stronger
to go back online. I just felt ready. [IDC; final
interview]

Similarly, another participant felt that they were more able to
view and contribute to self-harm and suicide content in a
positive way when their mental health improved:

When my mental state is better, and I can go back on.
I feel like I can share, and I can help someone. [IDM]

Alternatively, some participants (2/14, 14%) described past
reengagement with self-harm and suicide content to “punish”
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(IDF; baseline interview) themselves for thinking about or
carrying out self-harm behaviors:

I think at that time I was kind of trying to make myself
feel worse, because it was like, “You need to feel more
guilty for what you’re doing.” [IDI; final interview]

However, these participants described differences in their
reengagements over time. IDI reported how their reengagement
behavior changed during the study. When feeling low, they now
went on the web and sought out non–self-harm or suicide
content.

Other participants also described attempts to engage with
self-harm or suicide content differently during the reengagement
period with the aim of regaining control. This included
observing interactions rather than actively participating or
limiting engagements with specific content on platforms or
sites:

Recently I’ve just been viewing [prosuicide threads]
and I’ve got to fight the urges [to interact]. [IDH;
baseline interview]

However, most participants who disengaged briefly would return
to their usual use of web-based content. This reengagement
process highlighted weaknesses in participants’ ability to
exercise control over web-based actions, leaving users
vulnerable to reencountering triggering content on the web and
beginning the disengagement-reengagement cycle again:

I basically quit Tik Tok for three weeks because I was
like I just can’t deal with it anymore because it’s just
so hard to block everything and I was also thinking
is it actually good for my mental health and it’s not...
[IDK; baseline interview]

...but you are back on TikTok now, is that right?
[Interviewer; baseline interview]

I think I was just bored really, and I thought do you
know what I’ll just download it for the afternoon,
and... [IDK; baseline interview]

Longer Periods of Disengagement

In total, 14% (2/14) of the participants in this study disengaged
for up to a month before reengaging with specific platforms.
One of these participants disengaged after a second death by
suicide in their Twitter community. Notably, an earlier death
by suicide of another member of the same community had
increased their frequency of accessing the platform.

During their Twitter disengagement, the participant continued
their engagement with a self-harm support group on Facebook,
where they felt less connected:

I think because I haven’t known them [Facebook
users] so long and there’s certain people [on Twitter,
subsequently rebranded as X]...who post frequently,
several times possibly in a day...I think the more you
get to know people and recognise the handles, I know
it sounds bizarre, but you feel yourself becoming
closer to them. [IDC; final interview]

Despite this, they also reported beginning to reengage with
Twitter toward the end of the study:

I think just because I feel a bit better, I wanted to
check-in on other things on there on my newsfeed,
wall thing. [IDC; final interview]

One other participant disengaged twice from a prosuicide forum.
First, they described disengaging following an article on the
parents of forum members who had died by suicide. The
participant reached out to the parents, and the resulting
relationship led to their disengagement:

...they’ve told me I need to get off the site. [IDH;
baseline interview]

However, they reengaged shortly after this event after wanting
to check whether “they [the site] put the resources [suicide
methods literature] back” (IDH; baseline interview) following
their removal after the media article publication.

At the midpoint interview, IDH had again disengaged from and
reengaged with the forum following the death by suicide of a
relative. On describing their reengagement, they reported that
“it was to check [that] the sources of getting stuff [suicide
materials]...are still available” (IDH; midpoint interview) as
they were aware of scams related to sourcing materials and
wanted to verify that their plans would still be viable.

Limiting Content Engagement: Strategies

After spending time engaging with web-based self-harm and
suicide content, half (7/14, 50%) of the participants began to
develop strategies to limit their content engagement. These
included less “arbitrary ‘liking’” to curate their feeds (IDI),
clearing search histories to “remove temptation” (IDJ),
“blocking” or “muting” certain terms or phrases—such as
“suicide” and “self-harm” (IDC, IDF, and IDK)—closing their
direct messages so that other users were unable to message them
(IDI and IDH), “self-banning” so that they were unable to post
(IDH), distracting themselves with positive web-based content
(IDE, IDI, IDC, and IDF), “starting new accounts” to avoid
tailored algorithms (IDK), and distancing themselves from a
self-assigned “role” such as being a mental health advocate (IDJ
and IDI). In this study, we observed that younger participants
predominantly used these strategies, possibly because of the
enhanced accessibility to safety features on the platforms or
sites they frequented or their proficiency in digital skills.
However, it is noteworthy that most participants regardless of
age reported learning digital safety methods of limiting
engagement over time through their experiences on the web:

As I’ve got older I’ve realised that actually you know
what you see online can really impact on you, and
that you know no-one’s going to police it for me so I
have to be sensible about the types of people that I
follow and the types of things that I do online. I think
that’s something that came with sort of getting a bit
older. [IDF; midpoint interview]

Future Perspectives on Web-Based Self-Harm and
Suicide Content Engagement
When asked, none of the participants reported a desire to
disengage from web-based self-harm or suicide content entirely
in the future. Many alluded to the nonlinear nature of their
engagement, recognizing difficulties during previous attempts
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to disengage. Some also described a sense of comfort and
reassurance knowing that content continued to exist on the web:

It’s a cushion for people who need that. [IDA;
midpoint interview]

In addition, others reported a desire to “give back” and described
having a peer support role themselves as a future goal following
their recovery (IDI, IDM, and IDB):

I’m looking forward to where I improve myself, and
maybe be able to talk to more people and if possible,
reach out to them, and offer that help. [IDM; final
interview]

I’m also very passionate about sharing stuff I’ve
learnt. When people are in that place that I remember
being in and you can see it from their posts, I think,
“I’ve just learnt about something that will help them.
I’ll pass that on to them.” It’s helping to build that
confidence back up to do those posts and say those
things on there. [IDB; final interview]

Some participants in this study (3/14, 21%) also highlighted
that they were unable to find alternative web-based or offline
spaces that satisfied their current needs. One participant
mentioned that disengaging from their current preferred site or
platform could be detrimental and so expressed no wish to
“move on”:

What I’m trying to say is that there is nowhere for
people when they come off that website. There’s no
safe space. There’s nowhere. If you’ve been on that
particular site [prosuicide forum] for the reason of
wanting to die and you didn’t, there’s nowhere. You’ll
go on something and just get these silly comments or
things where there’s lack of understanding that just
escalates a situation. [IDH; midpoint interview]

A few participants in this study (3/14, 21%) did recognize the
potential costs associated with continuing to engage in
web-based spaces with self-harm and suicide content but
compromised, stating that “I do feel that the benefits outweigh
the risks” (IDC; baseline interview). For these individuals, the
draw of the positive aspects of such content was strong enough
to justify the potential negative consequences. Other participants
(2/14, 14%) struggled to weigh the risks and benefits of
engaging with self-harm and suicide content as they felt that
the positive and negative aspects of engaging with content were
more intertwined, making it difficult to control what they were
exposed to:

I’d say that online is very complicated, depending on
what you feed your mind, because it has both positive
and negative information, so sometimes it’s good to
your mind, and sometimes not. Also, if you are coming
across lots of negative things in a group, that can be
harmful, like self-harm pictures. But it’s also good to
look in those groups for people who are offering help
for those things, so that you are learning how to help
yourself. [IDM; final interview]

Ultimately, this resulted in both sets of participants remaining
vulnerable to the negative effects of harmful content as they

continued to engage with web-based self-harm and suicide
material.

Discussion

This study showed that those engaging with web-based
self-harm and suicide content experienced nonlinear journeys
that were characterized by 5 key themes: “initial engagements
with web-based self-harm or suicide content,” “changes in what
self-harm or suicide content people engage with and where,”
“changes in self-harm or suicide behaviors associated with
web-based self-harm or suicide content engagement,” “the
disengagement-reengagement cycle,” and “future perspectives
on web-based self-harm and suicide content engagement.”

Cognitive Flexibility Versus Cognitive Rigidity
Constructs that may explain behavior change and maintenance
within these themes are cognitive flexibility and its counterpart,
cognitive rigidity [33]. Cognitive flexibility refers to an openness
in thinking and behavior, which allows an individual to consider
alternative perspectives and approaches. In contrast, cognitive
rigidity is the tendency to adhere to specific thought and
behavior patterns, making it challenging to change one’s mindset
or actions [33]. Previous research has identified a relationship
between cognitive rigidity and suicidal ideation [34] and
between cognitive rigidity and self-harm [35]. Another study
showed that cognitive flexibility can result in engagement in
multiple methods of self-harm [36]. This indicates that the
construct of cognitive flexibility may provide important insights
into the behavior changes over time associated with web-based
self-harm and suicide content engagement. This discussion will
explore the ways in which cognitive flexibility was impacted
by participants’mental health and control over decision-making
and how this influenced their web journeys.

Previous research has identified gaps in clinical support as a
key motivator for web-based self-harm and suicide content
engagement [2]. The causes for initial engagement in this study
were consistent with this, with participants reporting a lack of
support but also a reluctance to engage with clinical services
due to previous experiences. This suggests a high level of
cognitive flexibility among participants during their first
engagement with web-based content, with mental distress and
a lack of alternative resources potentially triggering participants
to be more open to web-based options. This emphasizes the
critical need for accessible offline options during the early stages
of mental health decline, preventing vulnerable people from
resorting to web-based avenues where they may lack the control
or knowledge to engage safely.

When participants were unable to find content that was
immediately desirable to them, they explored different self-harm
or suicide–related material on the web. Often, this led to
spontaneous browsing of self-harm and suicide–related links
or hashtags, a behavior characterized as “pessimistic browsing”
[13]. While this reflects a high level of cognitive flexibility
among participants, it also indicates what might be a lack of
behavioral control, making participants vulnerable to potentially
harmful encounters. Later on in web journeys, when browsing
routines had been established, some reported similar bouts of

JMIR Infodemiology 2024 | vol. 4 | e47699 | p.176https://infodemiology.jmir.org/2024/1/e47699
(page number not for citation purposes)

Haime et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


“pessimistic browsing” and harmful behaviors that they
considered spontaneous. These episodes of cognitive flexibility
were usually triggered by unexpected exposure to web-based
self-harm or suicide content, where impulsive tendencies
resulted in exploring this novel content further or, in one case,
in trying a new self-harm method. This indicates that unexpected
engagements with self-harm or suicide content may act as a
stimulus for activating cognitive flexibility, resulting in changes
in behavior [37]. When experiencing poor control, this cognitive
flexibility may lead to a willingness to engage in potentially
unhelpful or harmful behaviors when engaging with self-harm
or suicide content [38].

Outside of episodes of cognitive flexibility, participants largely
accessed web-based self-harm or suicide content in a routine
pattern while also reporting a greater feeling of behavioral
control. This cognitive rigidity often worked as a coping
mechanism allowing for regular engagement with resources of
help and support. However, in instances in which content
included images or videos of “fresh self-harm,” suicide, or
self-harm and suicide method information, repeated
engagements were more likely to have negative effects on
participant well-being and sometimes led to increased severity
of harm to themselves. This shows that, while some perceived
their cognitive rigidity as a form of control, it may ultimately
have diminished their ability to make decisions to protect
themselves and seek alternative positive coping mechanisms
[39].

Similarly, participants reported increased engagement with
self-harm or suicide content during dips in their mental health,
which were prevalent in this study, as indicated by fluctuations
in their well-being measure outcomes over time. These
engagements, recalled as “habitual” or “addictive,” highlighted
a loss of control during these mental health dips. Previous
research has shown a relationship between cognitive inflexibility
and addictionlike behaviors [40,41], and a more recent study
[42] has indicated that distress-driven impulsivity, in which a
person is likely to make rash decisions due to a negative mental
state, alongside cognitive rigidity, can lead to addictionlike
eating behavior. This emphasizes the potential risk of
overreliance on web-based self-harm and suicide content as a
coping strategy, particularly during periods of mental health
decline, when participants may become more vulnerable to the
content they are engaging with. The addictive nature of this
behavior also has the potential to negatively impact other
important aspects of people’s lives, such as social or
occupational functioning [43].

Disengaging and Reengaging
Key to self-preservation during the web journey was
participants’ ability to disengage from web-based spaces. Most
participants recorded disengagements in their web journeys in
response to life experiences or stressors, such as work stress,
bereavement, or a rapid deterioration in mental health. This
indicates a resurgence of cognitive flexibility, which reflects
previous research showing that individuals become more open
to alternative solutions when their perspective is challenged by
a significant life event [44]. Although participants demonstrated
disengagement attempts from the content during these times,

they were usually temporary. This represents a brief state of
cognitive flexibility, with reengagement often occurring within
days. When disengagement was longer, it tended to coincide
with more significant life events such as bereavements, which
may indicate more prolonged changes to behavior following
extreme circumstances and mental health declines.

Participants also reported that their mental state dictated whether
they returned to more helpful or harmful content during the
reengagement period. Participants experiencing poorer mental
health were more likely to reengage with content they described
as “negative” as a type of self-punishment or as a preventative
measure against potentially worsening self-harm or suicide
behavior. They were also more likely to post their own content,
which included help-seeking comments, suicide method
inquiries, and “depressive” blog posts. This showed that,
although some participants attempted to use their online
communities for help during mental health dips, others could
find themselves returning to potentially unhelpful or harmful
situations. This reflects previous research showing that “active”
suicidal ideation is associated with greater cognitive rigidity
compared to “passive” suicidal ideation [45]. Often, when
reengaging during mental health declines, use would also regress
to “addictive” or “habitual” engagements. However, when
experiencing mental health improvements during reengagement
periods, those who had previously engaged with more “positive”
or “recovery-based” content would be more likely to return to
this material. This indicates that cognitive rigidity is influenced
by mental health state and that, when experiencing mental health
changes, participants’well-being is reliant on earlier web-based
encounters with self-harm and suicide content.

Upskilling Users
Despite this, some participants did experience lasting adaptations
to the ways in which they interacted with the content. These
more enduring changes were attributable to the skills that
participants reported developing in digital efficacy and
metacognition. Digital efficacy skills include the ability to use
web-based safety mechanisms such as muting, blocking, and
self-banning. Participants with digital efficacy skills in the study
felt safer and more protected, which acted as a preventative
measure against cognitive rigidity. In this study, these
participants were likely to be younger, which reflects research
showing that digital literacy skills are significantly better in
younger cohorts [46]. Despite this, evidence also shows that
digital literacy skills can be built over time [47]. This is
consistent with the experiences of some participants in this study
who reported that their web experiences prompted them to
organically develop digital skills and strategies to stay safe over
time. This finding has important implications for industry
leaders, who should be encouraged to consider ways in which
they can empower users by improving accessibility to safety
mechanisms on their platforms and sites.

Metacognition skills, or the ability to reflect on one’s own
thoughts and behaviors to change one’s responses, were evident
in some of the participants [48]. Specific metacognitive abilities
such as self-awareness and self-regulation resulted in greater
control over their cognitive flexibility. Some described gaining
metacognition skills such as self-awareness before their
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participation in the study, which allowed them to recall changing
their responses to content from self-harm behavior to vicarious
viewing of material. Others identified metacognitive skills
gained through therapeutic input as well as through monitoring
web-based behavior and reflecting on it during the study. This
may reflect a Hawthorne effect [49] in which participant
behavior shifts due to their awareness of being observed in a
study. Several diary and ecological momentary assessment
interventions have resulted in improved metacognitive skills
[50] (Haime, Z, unpublished data, January 2024), and it is
possible that metacognition was acquired in this study as a result
of completing the research diary. In cases in which participants’
metacognition developed during the study, they noted
improvements in their mental health, also indicated by
improvements in their well-being outcomes over time. This
resulted in the type of self-harm and suicide material they
engaged or reengaged with changing from “negative” or
“depressive” to “recovery-based” or “positive” in nature. This
shows that self-awareness and control while experiencing mental
health improvements lead to positive content engagement during
periods of cognitive flexibility in this population and has
important implications for the development of future target
metacognitive interventions.

Remaining Vulnerable on the Web
However, shifts toward recovery-based content did not
necessarily mean that participants were able to fully disengage
from their previous self-harm and suicide material. Sometimes,
as recovery-based content coexisted alongside more harmful
content in web spaces, there was no alternative place in which
to access it. On the other hand, some participants expressed a
strong connection with the communities they had previously
engaged with and reported intentions to remain active in these
spaces with a desire to provide support to others. While this
altruistic act had benefits, including the ability to continue
drawing on support when needed, it left them vulnerable to
potentially triggering content. These findings emphasize the
strength of web-based self-harm and suicide spaces as a source
of comfort and security, which is consistent with previous
research on engagement motivators [2,7,10]. Thus, although
participants became more aware of the negative outcomes of
engaging with web-based self-harm and suicide content and
were better able to manage them, the perceived benefits of being
involved in a community of like-minded individuals with similar
experiences often outweighed the potential costs.

Limitations
Participants in this study used a diverse range of web-based
platforms to access self-harm and suicide content, meaning that
attempts to identify patterns in behavior related to the sites used
were challenging. However, as common behaviors were
observed across participants, it was possible to draw conclusions
more broadly about how people engage with web-based
self-harm and suicide content over time. Diaries in this study
were completed daily by participants, but many had missing
entries or were filled out retrospectively. This diluted the
advantages of “in-the-moment” diary data capture and resulted
in some interview topic guides being less informed by
participant data. Despite this, participants reported finding the

diaries largely acceptable, and some reported additional benefits
to their metacognitive ability related to their completion [51].

While visually observing quantitative data allowed us to identify
patterns consistent with participant-reported mental health
fluctuations and slight improvements toward the end of the
study, our inability to conduct statistical analyses prevented us
from identifying any significant differences in participant
well-being changes. However, the rich qualitative data and
trajectory analysis provided valuable insights into the individual
pathways and factors influencing web-based engagement.

In terms of participant characteristics, this study had an
underrepresentation of male individuals. Although steps were
taken to target male-orientated web spaces for recruitment,
uptake remained poor. Furthermore, responses to recruitment
were limited, which resulted in possible selection bias and may
have affected the representativeness of the sample. In addition,
we did not collect data on the educational level or
socioeconomic status of the participants involved, limiting our
understanding of how demographic characteristics may affect
web-based experiences. Half of those recruited at baseline were
also lost to follow-up. Strategies were undertaken to limit
attrition, including at least 3 attempts to communicate with
participants before they were considered lost to follow-up. High
attrition rates are consistent with longitudinal studies of
self-harm and may represent a selection bias among study
completers [52]. Finally, although cognitive flexibility provides
a useful framework with which to interpret our findings, it is
important to acknowledge that there may be alternative
explanations.

Future Implications
The findings of this study have shown that there are ongoing
challenges in navigating the web environment for those engaging
with self-harm and suicide content. A key priority for future
research should be to establish how engaging with web-based
content can be better managed in this population. Consequently,
the following should be considered:

1. Inaccessibility to offline support was a significant motivator
for participants’willingness to explore web-based self-harm
and suicide–related resources. Therefore, the availability
of offline help and support is necessary to limit or moderate
initial web-based engagements.

2. This study offers evidence that greater metacognition and
digital efficacy can positively influence web-based
behavioral control. As individuals are unlikely to completely
disengage from web-based content, it is important to
prioritize upskilling users. Therefore, interventions should
be developed focusing on improving digital literacy and
metacognitive skills, such as the diary-based reflections
used in this study.

3. A deeper examination of the perceived benefits of
web-based engagement is necessary to ensure that these
needs can be met in a safer manner both on the web and
offline. In addition, it is crucial to critically evaluate the
helpfulness of these perceived benefits, such as the impact
of “vicarious living” through observing others self-harm.

4. Web-based industry leaders need to produce more tools
that empower individuals to regain control of their
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web-based engagement and improve the safety of web-based
spaces where self-harm and suicide content is available.
This may include changes to the functions of social media,
such as providing further control and management options
to users over algorithms and hashtags.

Conclusions
A balance between cognitive flexibility and rigidity seems
necessary to protect individuals when engaging with self-harm
and suicide content on the web. While cognitive flexibility may
be helpful in certain situations such as exploring new coping
strategies, it can also leave individuals vulnerable to harmful
content. On the other hand, cognitive rigidity, or the tendency
to repeatedly engage with the same type of content, can lead to

desensitization, potential impairments in functioning, and an
increased severity of harm to oneself. Cognitive rigidity can
also prevent people from engaging in harmful behaviors and
allow them to consistently engage with content that is helpful
and positive. Although life events and changes in mental health
state could trigger cognitive flexibility resulting in behavior
changes, these were unlikely to become permanent unless
participants developed skills such as digital efficacy and
metacognition that gave them greater control over their behavior.
Despite this, even with improved skills for recognizing and
managing web-based risks, individuals still perceived that the
benefits of web spaces outweighed the costs, making it difficult
to fully disengage.
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Abstract

Background: Despite being a pandemic, the impact of the spread of COVID-19 extends beyond public health, influencing areas
such as the economy, education, work style, and social relationships. Research studies that document public opinions and estimate
the long-term potential impact after the pandemic can be of value to the field.

Objective: This study aims to uncover and track concerns in Japan throughout the COVID-19 pandemic by analyzing Japanese
individuals’ self-disclosure of disruptions to their life plans on social media. This approach offers alternative evidence for
identifying concerns that may require further attention for individuals living in Japan.

Methods: We extracted 300,778 tweets using the query phrase Corona-no-sei (“due to COVID-19,” “because of COVID-19,”
or “considering COVID-19”), enabling us to identify the activities and life plans disrupted by the pandemic. The correlation
between the number of tweets and COVID-19 cases was analyzed, along with an examination of frequently co-occurring words.

Results: The top 20 nouns, verbs, and noun plus verb pairs co-occurring with Corona no-sei were extracted. The top 5 keywords
were graduation ceremony, cancel, school, work, and event. The top 5 verbs were disappear, go, rest, can go, and end. Our
findings indicate that education emerged as the top concern when the Japanese government announced the first state of emergency.
We also observed a sudden surge in anxiety about material shortages such as toilet paper. As the pandemic persisted and more
states of emergency were declared, we noticed a shift toward long-term concerns, including careers, social relationships, and
education.

Conclusions: Our study incorporated machine learning techniques for disease monitoring through the use of tweet data, allowing
the identification of underlying concerns (eg, disrupted education and work conditions) throughout the 3 stages of Japanese
government emergency announcements. The comparison with COVID-19 case numbers provides valuable insights into the short-
and long-term societal impacts, emphasizing the importance of considering citizens’perspectives in policy-making and supporting
those affected by the pandemic, particularly in the context of Japanese government decision-making.

(JMIR Infodemiology 2024;4:e49699)   doi:10.2196/49699

KEYWORDS

COVID-19; natural language processing; NLP; Twitter; disrupted plans; concerns

Introduction

Background
The spread of COVID-19 has become a global pandemic,
significantly affecting social and economic sectors worldwide
[1]. In the early stages of the pandemic, health authorities

recommended social distancing to control the spread of the
virus, reduce cases, and avoid overwhelming health care
facilities [2-4]. Each country had its own strategy for dealing
with COVID-19. A survey conducted across 6 countries
illustrated the public’s perception of measures taken in response
to COVID-19 [5]. Other surveys have been conducted in the
United Kingdom and European countries to aid interdisciplinary
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research on public health, particularly regarding COVID-19
[6]. Different results were observed owing to social distancing
policies, which affected several aspects of life, including
economic activities [7] and consumer behavior, such as drops
in mobility [8]. Concerns about cybersecurity risks were also
raised, as companies might not have been prepared for adequate
work-from-home options for employees [9]. The association
between implementing some mitigation policies in response to
COVID-19 and the outcomes regarding public mobility were
noted [10], one of which was also observed in Japan.

After the government confirmed the first COVID-19 case in
Japan on January 16, 2020, the number of cases quickly
escalated within 3 months, leading to the declaration of a state
of emergency to prevent the further spread of the infection. This
measure significantly impacted the daily routines and social
lives of Japanese residents, forcing them to refrain from going
out, close schools, work from home, and be restricted from
visiting crowded locations such as department stores and movie
theaters. The first state of emergency effectively reduced the
number of COVID-19 cases [11], albeit at a high cost to public
mental well-being, education quality, and the economy.
Furthermore, the number of cases quickly bounced back,
peaking at 1762 new daily cases after the state of emergency
was lifted, an increase from the peak of 701 new daily cases
during the first wave [11]. These numbers suggest that the
government was confronted with the dilemma of mitigating the
social and economic impact of the lockdown and stopping the
spread of COVID-19 [12]. Due to the fluctuations in COVID-19
cases, the government declared other states of emergency,
recognizing the profound and deeply rooted impact the
COVID-19 lockdown could have on societal and economic
levels.

There have been various investigations into the states of
emergency. For instance, studies have predicted SARS-CoV-2
infections using state-space models [13] and examined their
impact on mental health [14]. In the aspect of mobility, studies
have shown the suppression of social activities of the masses
[15]. The tourism industry was among the hardest hit sectors,
and the arrival of visitors decreased by 93% by March 2020
[16]. Statistics also show that Japan’s gross domestic product
in 2020 decreased by 4.28%, indicating a substantial impact on
the economy [17]. Interestingly, the unemployment rate only
slightly increased to 2.8% in 2020, but started declining by 2022
(2.64%), following the gradual recovery of the gross domestic
product (2.14% growth by 2021 and 1.03% by 2022) [17,18].
This trend of recovery indicates the strong resilience of the
Japanese economy.

Furthermore, it also changed people’s behavior, such as
following the advisory to stay at home, as confirmed by cell
phone location data [19-21]. Such large-scale societal and
behavioral changes warrant further investigation through various
means to offer a chance to monitor and reflect the short- and
long-term impacts of COVID-19 in the future.

Literature Review
The disruption caused by pandemic-related restrictions may be
seen as a failure to perform planned activities, but detecting
such disruptions was challenging. For example, it is difficult to

obtain behavioral data on trips that individuals could not take
or events they could not attend owing to the restriction. Social
media, which people use to share their activities, proved to be
a great source of information in such cases. Twitter (currently
X) is a widely used social media platform in many countries
and has a sufficiently large population for social data analysis
in health care contexts [22,23]. Japan has a particularly high
population density of Twitter users, even when compared to the
major countries that use Twitter, such as the United States.
Furthermore, owing to language exclusivity, it is easier to filter
comments related to Japanese society using Japanese keywords
[24]. Twitter has also been frequently used to help summarize
peoples’ responses about the pandemic and its measures,
showing the challenges experienced throughout [25]. Prior
studies in Korea and Japan used Twitter to determine public
opinion, showing popular words during the pandemic [26].
Because people actively share their daily lives on Twitter, the
site has the potential to be a data source for investigating the
impact of restrictions on the public. Using Twitter as a resource,
this study aims to explore and visualize plans disrupted in Japan
due to COVID-19 pandemic measures.

There are many studies on COVID-19 that investigate social
media platforms, such as Twitter. Chen et al [27] investigated
the levels of anxiety during the COVID-19 pandemic. The
adverse effects on the mental health of the public was also one
of the impacts of the pandemic, as explained in the research by
Li et al [28], who analyzed COVID-19–related tweets into
different emotions and investigated the mental health aspects
and how they recovered from the COVID-19 crisis. Lyu et al
[29] investigated the topics and sentiments in public COVID-19
vaccine–related discussions, whereas Krittanawong et al [30]
investigated misinformation dissemination related to COVID-19
on Twitter. Aside from studies focused on the pandemic itself,
COVID-19 vaccines have also been highly researched topics
on Twitter. Ansari and Khan assessed public responses through
sentiment analysis of COVID-19 vaccines using Twitter,
revealing an overall negative tone in the tweets [31]. Ferawati
et al [32] explored how Twitter reported vaccine-related side
effects by comparing the side effects of 2 types of messenger
RNA vaccines developed by Pfizer and Moderna in Japan and
Indonesia, respectively. Gao et al [33] examined COVID-19
concerns in each Japanese prefecture, and Uehara et al [34]
investigated the attitudes toward vaccines or vaccination during
the COVID-19 pandemic in different Japanese prefectures using
search queries from Yahoo! JAPAN. Our study adopts a unique
approach to examine how the COVID-19 pandemic has
disrupted everyday activities. Our main focus is on
understanding the direct impact of the pandemic on society
through the observation of expressions, life disruptions, and
plans.

For research on citizen feedback, Ishida et al [35] proposed a
method that uses social media data. They implemented a
multitask learning framework to estimate the associated
viewpoints using bidirectional encoder representations from the
transformer model. However, this method requires considerable
effort to label the data. This study uses search queries and
validates word co-occurrence to infer the themes of topics
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discussed during the COVID-19 pandemic in Japan, proposing
an efficient and low-resource method for social media analysis.

Objectives and Approach
We aimed to report on the impact of COVID-19 on Japanese
society by analyzing public opinions extracted from social media
data. Specifically, we focused on the popular term Corona no-sei
(in Japanese コロナのせい, meaning “due to COVID-19,”
“because of COVID-19,” or “considering COVID-19”), which
clearly conveyed complaints or concerns about life event
disruptions caused by the COVID-19 pandemic. Our study used
2 types of data: the daily COVID-19 case count and Japanese
tweets containing the Japanese phrase Corona no-sei posted on
Twitter between February 1, 2020, and November 30, 2021.
We analyzed the trends in the number of tweets and COVID-19
cases to quantitatively explore their relationship and the words
frequently used in the tweets to qualitatively explore social
needs in the first 2 years of the COVID-19 pandemic.

In conclusion, we critically compared our findings with those
identified in other similar studies to provide an alternative
evidence base for the impact of COVID-19 on Japanese society.

Methods

COVID-19 Cases
To track the daily rise in COVID-19 cases, we gathered the
number of new positive cases in Japan by manually downloading
data from a dedicated COVID-19 site maintained by the NHK,
Japan’s national broadcaster [36]. Our aim was to investigate
the correlation between the number of positive cases and the
volume of tweets. A total of 1,726,943 COVID-19–positive
cases were recorded between February 1, 2020, and November
30, 2021.

Tweets and Keywords Extraction
Another data set for this study includes 300,778 tweets
containing the Japanese phrase Corona no-sei during the same
period as the recorded COVID-19 cases (between February 1,
2020, and November 30, 2021). We chose this period because
by the end of January 2020, the Japanese government had
officially established the Japan Anti-Coronavirus National Task
Force to actively address the pandemic. In addition, we aimed
to include the maximum possible data until the initiation of this
study in mid-November 2021. Furthermore, this period also
included 3 emergency announcements by the Japanese
government, making it a representative period for studying the
impact of COVID-19 on Japanese society.

We counted the number of tweets per month and found that the
maximum number of tweets was 517,688 in April 2020; the
minimum number of tweets was 24,625 in November 2021; and
the average number of tweets was 136,717.6. The Corona no-sei
phrase is frequently used by the public in social media and
everyday conversation to express the (often negative) feelings
when Japanese individuals’ activities or life plans were
interrupted by the COVID-19 outbreak. Although there are
several expressions synonymous with Corona no-sei (eg,
“because of the new coronavirus” and “because of COVID-19”),
we chose Corona no-sei as a casual expression used by the

public in social media and colloquial speech. The tweet data
were provided by the NTT DATA Corporation, which has a
real-time backup of Japanese firehose data from X Corporation
(formerly known as Twitter). Data access was granted to a few
collaborative research institutes, including the University of
Tokyo, and one of the authors was granted permission to use
the self-adaptive classification system to extract the data and
keywords [37].

Although applying a clustering approach for topic modeling
can be useful in grasping the topics discussed in the tweets, it
does not apply to our context wherein we were targeting
COVID-19 as the main subject and aiming to identify the
co-occurrence of events. Instead, we extracted co-occurrence
nouns and verbs from the obtained Corona no-sei tweets by
applying dependency analysis implemented in the system
developed by Yoshinaga et al [37-39]. We used the base-phrase
chunker to extract all tweets containing the Corona no-sei
keyword (“keyword” is bunsetsu in Japanese). The built-in
classifier then extracted the relevant verbs, nouns, and
verb-noun-pairs for users based on the nonstack dependency
parser, which achieved 99.01% accuracy in base-phrase
chunking and 92.23% accuracy in dependency parsing [37].
Researchers who did not use the system and database maintained
by the University of Tokyo could use the same tool published
by the laboratory Pecco and DepP [37-40]. To avoid
overinterpretation, we omitted tweets that described a disruption
of plans but did not include COVID-19–related keywords.

Analysis of the Keywords and its Correlation to the
COVID-19 Pandemic Trends
The contexts following Corona no-sei, which indicate a high
level of negative concern about COVID-19, frequently contain
verbs in the negative form and nouns associated with them. By
aggregating these nouns and verbs, we extracted information
on the restrictions imposed and the events or plans canceled
owing to the COVID-19 pandemic. This information enabled
us to capture the potential social and psychological impact of
disrupted life plans. Note that, by events or plans, we refer to
the specific type of occurrences (eg, university entrance exam)
rather than a certain event (eg, a pop singer’s concert in 2019).
The frequency of nouns and verbs in tweets containing Corona
no-sei was counted to identify the restrictions placed on people’s
lives.

To investigate the correlation between tweet volumes and
COVID-19 cases, we constructed transition diagrams for each.
In addition, Pearson correlation coefficients were also calculated.
Next, we examined the nouns and verbs co-occurring with
Corona no-sei over the entire study period and specifically on
the day with the highest tweet activity.

The cross-validation of the keywords and tweet contents was
performed by randomly extracting 20 tweets from the top 5 verb
and noun pairs and other keyword pairs that were deemed
worthy of discussion by the researchers. The tweet contents
were further annotated to ensure that they were aligned with
the researchers’ interpretations of keywords. We then discussed
the themes extracted by analyzing and cross-validating the
themes and noteworthy keywords.
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Ethical Considerations
This study used publicly available data and did not handle
identifiable private information, meaning that it was exempt
from Institutional Review Board approval according to the
Ethical Guidelines for Research of the Japanese National
Government [41]. The NTT DATA Corporation obtained tweets
according to Twitter terms of service and approved the use of
the data for this study.

Results

Figure 1 shows the time trend of Corona no-sei tweets (blue
line) compared to the trend of positive cases (red line). There
were 3 states of emergency announcements within our targeted
period between February 1, 2020, and November 30, 2021,
which are highlighted in gray in Figure 1. The number of areas
under the state of emergency is indicated by the bar graph in
the upper part of the figure because the target areas were
changed during each state of emergency. The periods during
which the states of emergency were imposed roughly
corresponded to an increase in case numbers. Interestingly, the
announcement of a state of emergency was highly effective in
suppressing the number of cases. Regarding the spike caused
by the Tokyo Olympics (which took place between July 23,
2021, and August 8, 2021), the case number quickly dropped
to below 5000 per day within 3 months.

As the blue line indicates, the Corona no-sei tweets peaked in
March 2020, roughly before the first state of emergency was

announced and reached the second highest number when the
first state of emergency was imposed. After the first
announcement of the state of emergency, the number of tweets
using Corona no-sei showed a downward trend until the end of
our data collection period. There were a few instances of small
increases in Corona no-sei tweets before the second and third
states of emergency announcements, but overall, the number of
reported plan disruptions never reached the level observed
before the first state of emergency announcement. The scatter
plot for case numbers and the numbers of Corona no-sei tweets
is shown in Figure 2, with Pearson correlation coefficients of
0.86, 0.93, and 0.61, respectively, for the first, second, and third
states of emergency.

When compared with the number of the Corona no-sei tweets
during the entire period, the correlation between COVID-19
daily cases and the Corona no-sei was not very evident. We
were able to observe a slight increase of Corona no-sei tweets
before the case number started rising, but the extent of increase
in case numbers was disproportional to the extent of increase
in Corona no-sei tweets. Even though the number of cases
peaked in September 2021 during the third state of emergency,
there was only a slight increase in Corona no-sei tweets
compared to the high number of complaints at the very
beginning of the COVID-19 pandemic. This indicates that
Japanese residents might have adapted to the restrictions or
disruptions caused by the COVID-19 pandemic lockdown.

Figure 1. Trends in the number of Corona no-sei tweets and the number of patients with a COVID-19–positive result. The blue line indicates the
number of Corona no-sei tweets, and the red line indicates the number of positive COVID-19 cases.
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Figure 2. Scatter plot for COVID-19 case numbers and the number of Corona no-sei tweets for the first, second, and third state of emergency
announcements.

We further investigated the nouns and verbs in the tweets that
we sampled. Tables 1 and 2 show the number of tweets for the
top 20 nouns and verbs tweeted on February 28, 2020, when
the tweet number reached the highest level. Tables 3 and 4 show
the top 20 words (nouns and verbs) that co-occurred with
Corona no-sei tweets in descending order to highlight the most
disrupted activities or plans during our data aggregation period.
For nouns, here, Corona was excluded because it was a word
included in the query and was clearly the most frequently
detected. For nouns, the top 5 most frequently mentioned words
were work, abort, home, live, and friends after excluding the
words that indicate the grammatical tense. These keywords
indicated that, over a longer period, Japanese individuals started
developing concerns over their disrupted work and social life.
For verbs, go was the most frequent, but in the actual tweets, it
was sometimes used in the negative, and in the context, the verb
was unlikely to be used in the affirmative, so the verb was likely
used to indicate they cannot go even if it is in the affirmative
in this paper (Textbox 1). Hence, the top 5 mean go, can go
<negation>, look, meet <negation>, and get out. The results
show that there are restrictions on the actions of going, seeing,
and meeting as verbs. Compared with the single-day result on
February 28, 2020, the concern about work appeared as the top

5 in Tables 1 and 2, suggesting that Japanese individuals placed
clear emphasis on their work routines. In addition, the desire
for live concerts increased over the long run, making live concert
the fourth most frequently mentioned keyword in Table 1.
Coincidentally, concerns related to friends and missing
opportunities to meet up were also observed in both tables,
showing the disruption of social relationships and recreational
occasions. Both studies indicated that people regarded the
COVID-19 pandemic as the main cause of their disrupted plans
to hang out with friends or attend large public events. In addition
to activities, the keyword finding also reflected the concern of
resource shortage, such as toilet paper, masks, and even money,
which were critical in supporting daily lives or normal health
care practices.

Because the keywords indicated both long-term and short-term
concerns, we cross-validated the tweet contents by selecting
keyword pairs based on the top 5 keywords related to long-term
concerns and those related to short-term anxiety on material
shortage. A total of 160 tweets were randomly sampled based
on the following keyword pairs (20 tweets each): ライブ＋行
く／行けない (live concert+go/go<negation>); 家＋行く／
行けない (home+go/go<negation>); 友達＋行く／行けない
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(friends+go/go<negation>); 中止＋行く／行けない
(cancel+go/go<negation>); 友達＋会う／会える
(friends+meet/can meet); 仕事＋行く／行けない
(work+go/go<negation>); トイレットペーパー＋なくなる

(toilet paper+vanish); and マスク＋なくなる (mask+vanish).
One of the authors annotated the tweets according to the themes
reflected by the keywords. Key findings are discussed in the
following section.

Table 1. The number of tweets with co-occurring nouns on February 28, 2020.

Tweets, n (%)Noun

2154 (14.55)graduation ceremony

1813 (12.25)cancel

1498 (10.12)school

1210 (8.17)work

775 (5.24)event

694 (4.69)live concert

667 (4.51)toilet paper

639 (4.32)part-time job

636 (4.3)school holiday

616 (4.16)friends

605 (4.09)disney

562 (3.8)postponement

553 (3.74)home

531 (3.59)mask

330 (2.23)new corona

328 (2.22)test

321 (2.17)tissue

318 (2.15)hoax

304 (2.05)company

250 (1.69)next month

JMIR Infodemiology 2024 | vol. 4 | e49699 | p.188https://infodemiology.jmir.org/2024/1/e49699
(page number not for citation purposes)

Kamba et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. The number of tweets with co-occurring verbs on February 28, 2020.

Tweets, n (%)Verb

3265 (20.15)disappear

1835 (11.33)go

1169 (7.22)rest

1044 (6.44)can go <negation>

862 (5.32)end

754 (4.65)go out

734 (4.53)look

711 (4.39)make effort

602 (3.72)buy

576 (3.56)cry

556 (3.43)vanish

524 (3.23)can meet <negation>

505 (3.12)play

501 (3.09)spring rest

499 (3.08)dies

491 (3.03)be told

441 (2.72)come

436 (2.69)think

378 (2.33)return

319 (1.97)crush
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Table 3. Noun words co-occurring with Corona no-sei in descending order.

NounOrder

work1

cancel2

home3

live concert4

friends5

event6

postponement7

stress8

school9

part-time job10

company11

new corona12

mask13

graduation ceremony14

hospital15

one person16

opportunity17

university18

family19

money20
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Table 4. Verb words co-occurring with Corona no-sei in descending order.

VerbOrder

go1

can go <negation>2

look3

meet <negation>4

get out5

lose6

make effort7

increase8

buy9

lose10

end11

come12

think13

meet14

rest15

can go16

decrease17

be told18

meet19

play20

Textbox 1. Examples of tweets posted on Twitter (Japanese tweets were translated into English).

Verb and example

• Go: “Due to COVID-19, the day I've been looking forward to going out with the guy I love has been postponed... I can't help it now and I'll accept
it, but I was looking forward to it.”

• Meet: “It doesn't feel like April at all due to COVID-19, but I can't wait for it to end so that we can all meet, eat, and shop together comfortably.
Six years already... I want to quit my job lol.”

Discussion

Principal Findings
Our findings revealed that the COVID-19 pandemic significantly
disrupted daily routines in Japan, particularly in terms of work,
education, social activities, and material shortages (with regard
to the temporary spike of anxiety). The findings from our study
correspond with numerous studies conducted in diverse
countries, highlighting the extensive impact of the COVID-19
pandemic on social life, economy, public mental health, and
education [5]. In this section, we discuss key findings across a
temporal spectrum, focusing on 4 crucial aspects: disruption of
work routines, public anxiety stemming from perceived resource
shortages, concerns regarding social relationships, and
interference with the curriculum.

Top Concerns
The impact of the COVID-19 pandemic on the labor market in
Japan is unequivocal, mirroring the challenges faced by

numerous countries. The pandemic necessitated a shift in work
dynamics with the unintended pilot of remote collaboration.
Notably, certain categories of Japanese workers, contingent on
their employment contracts, exhibited heightened susceptibility
to these alterations in work patterns. In our findings, the
keyword work demonstrated associations with part-time, abort,
and money, indicating that individuals expressing concerns
about their work conditions may grapple with job uncertainty,
stemming either from the part-time nature of their employment
or an abrupt reduction in income. This discovery aligns
seamlessly with prior research examining the repercussions of
the COVID-19 pandemic on Japan’s labor sector. As described
by Kikuchi et al [42] in their study, individuals in contingent
employment, along with women and those with lower income,
were notably susceptible. The shift toward teleworking and the
accompanying uncertainty about long-term income during the
COVID-19 pandemic had a disproportionately adverse impact
on these specific demographic groups [42]. Fukai et al [43]
endorsed these findings through extensive government statistical
analysis. According to their research, Japanese individuals
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employed part-time in service industries or compelled to take
leave or face job loss following the declaration of a state of
emergency were identified as particularly vulnerable groups
significantly affected by the COVID-19 pandemic [43].
Although the use of part-time or contingent workers has
traditionally been a standard practice for Japanese companies
seeking to optimize budget and resource allocation, the advent
of the COVID-19 pandemic has pushed issues related to work
to the forefront of public concern. Researchers caution that this
could potentially exacerbate inequality for susceptible
individuals unless actively addressed by government support
[44].

In summary, our findings provide substantial evidence for
concerns among Japanese internet users regarding job disruption,
employment disparities, and inadequate financial resilience.
Failing to address these issues during multiple states of
emergency, the Japanese government risks compromising the
equality within Japan’s labor market significantly. Interestingly,
a study conducted by Chen et al [27], who sampled 6535 Reddit
posts, identified strikingly identical subjects that propelled
nationwide anxiety in the United States. Notably, concerns about
career, finance, and the future were prevalent. However, our
research suggests that health and death concerns were not as
prominent in Japan, as observed in the study by Chen et al [27].
We hypothesized that the emphasis on collectivism and harmony
in Japanese society could shape individuals’ concerns during
crises (particularly in the case of a national crisis). For example,
apprehensions about not being perceived as “useful” or causing
“inconvenience” to others, possibly even relying on government
subsidies, were more pronounced than concerns related to health
and mortality.

Sudden and Perhaps Excessive Anxiety About Material
Shortage
The scarcity of certain items, including toilet paper, masks, and
tissues, as outlined in Table 1, emerged as a significant issue
in Japan. Our findings closely parallel earlier Twitter studies
investigating hoarding behaviors, particularly concerning toilet
paper [45]. Although initially observed in the United States,
panic buying for household goods rapidly became a global
phenomenon. Notably, toilet paper has emerged as a frequently
hoarded item, often signaling a surge in demand during natural
disasters [46,47]. Although the act of stockpiling toilet paper
may seem irrational and has been widely ridiculed on social
media, the adverse effects of bulk purchasing have not been as
severe. Social scientists may view this behavior as a coping
mechanism during a natural disaster [48]. Contrary to the
commonly perceived overhoarding of toilet paper, the mask
shortage was deemed a more severe public health crisis and a
direct threat to well-being. A 2020 agent-based simulation
conducted by Tatapudi et al [48] illustrated that universal mask
use could potentially reduce infections by 20% [49]. At the time
of the study, the total number of people infected by COVID-19
was 541 million, indicating that implementing universal mask
use could potentially spare 108 million cases. Numerous studies
have indicated a negative correlation between mask use and the
COVID-19 infection rate [44,50].

However, the situation in Japan presents a slightly different
scenario. The Japanese government faced criticism for a
perceived slow response to the awareness of mask shortages,
as the pandemic was considered relatively “under control” in
its early stages. As the mask crisis unfolded, many Japanese
citizens became concerned about their reliance on masks
manufactured abroad, prompting the government to take actions
to boost domestic mask production. Unfortunately, heightened
anxiety also led to the “Abenomasks” incident, wherein the
government faced backlash for stockpiling over 82 million
unused masks [51]. A crucial lesson learned from this incident
is that although social media serves as a critical channel for the
dissemination of news and raising public awareness, the
emotional contagion and overpromotion of a particular disaster
can backfire, impeding the rational coping mechanisms of
citizens and the decision-making processes of the government.
Our findings, along with those of numerous other studies,
indicate that further efforts are needed to develop effective
protocols for addressing the widely contagious anxiety stemming
from the dissemination of information about natural disasters
on social media.

Concerns About Social Relationships
Keywords pertaining to relationships, social life, and collective
events were prevalent in our analysis. For instance, the top 20
frequently occurring nouns associated with Corona no-sei
included friends, family, live, events, and one person. The most
frequent verbs in the context of Corona no-sei were go, can go
<negation>, meet <negation>, buy, meet, can go, and play. The
example in Table 4 illustrates how Japanese individuals linked
go and meet to their social events. While it may appear that
many tweets express concerns about social relationships, these
keywords actually reflect people venting their frustration about
being unable to meet and engage in activities together, rather
than indicating an actual loss of relationships. Interestingly, a
study by Goodwin and Takahashi [52] also yielded similar
findings. Most Japanese respondents in their survey gauging
perceptions of relationship quality during the COVID-19
pandemic indicated that there were no discernible changes in
their perceived relationship quality. Only a few reported that
their trust and relationship with communities had declined
compared to the prepandemic era [52]. There was also a report
indicating that students, due to reduced communication with
friends, face an increased risk of mental health problems [53].

These findings suggest that events, such as the COVID-19
pandemic, may lead individuals to experience heightened
anxiety and stress. While this emotional response could
temporarily disrupt their social activities and coping mechanisms
against trauma, it may not have a lasting impact on their
perceived relationship quality. In fact, the example tweets we
analyzed illustrated how individuals, despite feeling frustrated,
expressed eagerness to resume their social activities after the
pandemic. Hence, we argue that concerns about relationship
disruption may be transient and serve as a positive signal
prompting individuals in Japan to actively nurture their
relationships. As suggested by the study conducted by Goodwin
and Takahashi [52], dedicating additional time to
communication, particularly in the context of romantic
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relationships, could further enhance the quality of these
connections [42].

Concern for Education Discontinuation
The peak volume of tweets was recorded on February 28, 2020,
coinciding with the government’s announcement of the
simultaneous closure of all elementary, junior high, and senior
high schools in Japan. In fact, in the most frequent nouns and
verbs shown in Tables 1 and 2, the top words related to the
simultaneous closure of schools were graduation ceremony,
cancel, lose, rest, and go <negation>, all of which reflected
Japanese citizens’ concerns about the discontinuation of
education, the cancelation of the graduation ceremony, and
missing school classes. It is essential to note that in Japan, the
graduation ceremony typically takes place in March and the
new school and work year commences in April. Despite the
Japanese government’s earnest efforts to mitigate the spread of
COVID-19, as scrutinized by scientists, the decision to close
schools in Japan did not yield a substantial impact on preventing
the spread of COVID-19. Instead, it deprived children of
valuable learning and developmental opportunities [54].
Moreover, with the closure of schools, there was a surge in the
demand for digital education or internet-based learning
platforms. However, many schools and student households were
ill-equipped to handle this impromptu shift to an internet-based
education system. As discussed in detail by Iwabuchi et al [55],
the unequal distribution of resources among schools in Japan
further intensified the digital learning disparities brought about
by the COVID-19 pandemic–induced school closures. The more
well-funded private and prefecture-sponsored schools had often
already implemented or could quickly set up the necessary
e-learning system to cope with the lack of face-to-face lecturing.
However, most public schools were forced to send learning
materials to students by mail, risking a huge learning gap
between students in private and public schools. The long-term
impact on students’ physical and mental development remains
uncertain, given that most schools were able to resume normalcy
after the lifting of the state of emergency. A study conducted
by Nishimura et al [56] on medical students clearly indicated a
deterioration in subjective mental well-being.

Concerns were also observed regarding web-based alternatives,
with growing apprehensions that they fail to adequately
substitute the essential in-person learning and hands-on field
practice integral to medical education. The diverse concerns
reflected in education-related keywords in Table 1 suggest that
many Japanese individuals transitioned their focus from
one-time events, such as graduation ceremony and school
holiday, to longer-term mental and societal impacts, such as
opportunity, stress, and university. This shift implies that the
long-term effects would take time to manifest compared to
short-term disruptions of specific incidents, such as a graduation
ceremony. Further studies are crucial to monitor and unveil a
complete picture of this disruption.

Long- and Short-Term Concerns and the Impact on
the Society
Following the World Health Organization’s official declaration
that COVID-19 was no longer considered a global health
emergency on May 4, 2023, individuals who survived now faced

a familiar daily life with some changes that were difficult to
imagine in the prepandemic era. However, there is still an impact
on society that can be challenging to trace and monitor. The
economic repercussion, such as inflation and tumbling currency
values in Japan, are gradually occurring. Schoolchildren who
have lost education for almost 1 year are bracing for their future
growth. An increasing number of companies are eager to get
talent to opt in for remote working styles to attract employees
who were reluctant to return to city offices. Individuals are
probably no longer worried about toilet paper but will gradually
sense the subtle shifting of their workstyles, social styles, and
even learning styles. However, due to the limitations of our
data, we were not able to speculate about the postpandemic
future. Our discussion offers possible clues to further trace the
causes of societal changes. The profound effects of the
COVID-19 pandemic on society and public health require
further investigation and monitoring.

Limitations and Future Work
It should be noted that our study had some limitations in
extracting data from social platforms such as Twitter. One
limitation is the lack of geolocation metadata. Although we
capitalized on the language exclusivity of Japanese tweets and
the domestic majority to extract representative samples of
Japanese citizens, it is important to note that there may be some
minor contributions from Japanese speakers residing outside
Japan. This limitation should be considered when interpreting
the findings of this study. Another limitation arises from the
bias present on Twitter, as its use is lower among older adults
compared to the younger population. To mitigate this bias,
stratified analysis is necessary to account for the effects of age.
However, the current system lacks age data. Consequently, the
results should be interpreted with the awareness that the
perspectives of the older adults are underrepresented.

Because the purpose of this study was to derive an interruption
schedule, we specifically targeted verbs and nouns to better
represent social connections (families and friends), locations,
events, subjects, and actions, rather than using adjectives or
phrases that might focus on emotional descriptions or concrete
situations. This approach limited our options for
sentiment-related analysis methods or topic modeling, which
could reveal emotional reactions instead of generic events and
the involvement of close connections. Although people’s
sentiments were deemed beyond the scope of this study, in
future studies, we would like to analyze how people’s sentiments
have changed through sentiment analysis [57]. With the
introduction of transformer-based large language models, such
as bidirectional encoder representations from transformers and
text-to-text transfer transformers, more contextual and in-depth
understanding and analysis might be made available for
researchers in social media data. This should be considered in
future studies.

We also did not address concerns regarding the safety of
cybersecurity during the work-from-home period during the
pandemic. We noticed that in the United States, data breaches
and the security of the work environment were one of the top
concerns [58]; however, based on our current results, there was
no direct implication on this aspect in Japan during the
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COVID-19 pandemic. This will be considered in our future
work.

Conclusions
Overall, by adding the analysis on Corona no-sei to the
conventional symptom-based monitoring, we were able to
identify the underlying concerns at the peak of the disruption
and across the whole-time span of the 3 announcements of state
of emergency. Our findings and a comparison of the tweets
against COVID-19 case numbers yielded rich insights into
people’s short- and long-term concerns and potential aspects of
societal impact caused by the announcements of the state of
emergency. Although more studies from different fields would
help to reveal the whole landscape of social and psychological
impact caused by COVID-19, we believed that the keywords

reflected in Corona no-sei tweets provided more nuanced
descriptions of real-life problems Japanese individuals faced
during the COVID-19 pandemic and revealed the development
of different concerns in response to the change of policies.

Timely communication of analysis results is crucial, especially
when dealing with issues of significant social impact, such as
a global pandemic. A delay in delivering results can hinder
decision-making processes and require substantial resources to
recover from the initial losses caused by poor decisions. For
policy makers, especially the Japanese government, this study
reflects the opinions of citizens and should be considered when
reviewing the effectiveness and suitability of a policy as well
as assessing further measures to support those impacted during
the pandemic.
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Abstract

Background: Infectious disease surveillance is difficult in many low- and middle-income countries. Information market
(IM)–based participatory surveillance is a crowdsourcing method that encourages individuals to actively report health symptoms
and observed trends by trading web-based virtual “stocks” with payoffs tied to a future event.

Objective: This study aims to assess the feasibility and acceptability of a tailored IM surveillance system to monitor
population-level COVID-19 outcomes in Accra, Ghana.

Methods: We designed and evaluated a prediction markets IM system from October to December 2021 using a mixed methods
study approach. Health care workers and community volunteers aged ≥18 years living in Accra participated in the pilot trading.
Participants received 10,000 virtual credits to trade on 12 questions on COVID-19–related outcomes. Payoffs were tied to the
cost estimation of new and cumulative cases in the region (Greater Accra) and nationwide (Ghana) at specified future time points.
Questions included the number of new COVID-19 cases, the number of people likely to get the COVID-19 vaccination, and the
total number of COVID-19 cases in Ghana by the end of the year. Phone credits were awarded based on the tally of virtual credits
left and the participant’s percentile ranking. Data collected included age, occupation, and trading frequency. In-depth interviews
explored the reasons and factors associated with participants’ user journey experience, barriers to system use, and willingness to
use IM systems in the future. Trading frequency was assessed using trend analysis, and ordinary least squares regression analysis
was conducted to determine the factors associated with trading at least once.

Results: Of the 105 eligible participants invited, 21 (84%) traded at least once on the platform. Questions estimating the
national-level number of COVID-19 cases received 13 to 19 trades, and obtaining COVID-19–related information mainly from
television and radio was associated with less likelihood of trading (marginal effect: −0.184). Individuals aged <30 years traded
7.5 times more and earned GH ¢134.1 (US $11.7) more in rewards than those aged >30 years (marginal effect: 0.0135).
Implementing the IM surveillance was feasible; all 21 participants who traded found using IM for COVID-19 surveillance
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acceptable. Active trading by friends with communal discussion and a strong onboarding process facilitated participation. The
lack of bidirectional communication on social media and technical difficulties were key barriers.

Conclusions: Using an IM system for disease surveillance is feasible and acceptable in Ghana. This approach shows promise
as a cost-effective source of information on disease trends in low- and middle-income countries where surveillance is
underdeveloped, but further studies are needed to optimize its use.

(JMIR Infodemiology 2024;4:e50125)   doi:10.2196/50125

KEYWORDS

information markets; participatory disease surveillance; collective intelligence; community engagement; the wisdom of the
crowds; Ghana; mobile phone

Introduction

Background
Emerging infectious diseases pose substantial and persistent
risks to human and animal health globally. Yet, our ability to
monitor these threats is limited, especially in low- and
middle-income countries (LMICs) where many infectious
disease outbreaks initially emerge [1,2]. Traditional, test-based
infectious disease surveillance is expensive and prone to
selection bias and involves significant time lags in contexts with
weak public health infrastructure. Test-based systems relying
solely on recorded case information from individuals seeking
medical care tend to underestimate the true disease burden [3].
Underestimation is likely to be exacerbated in settings common
in LMICs, where access to formal care is limited. More
affordable and reliable methods are required to deliver timely
data on disease patterns and inform the response to outbreaks
in LMICs as either a supplement or stopgap for test-based
methods.

Several low-cost supplementary surveillance approaches have
been deployed in recent years [2,4-7]. Key among these are
participatory syndromic surveillance systems, such as
Influenzanet and Flu Near You. These systems rely on
volunteers to regularly report symptoms using brief web-based
surveys, mobile apps, interactive voice response, and SMS text
messages [8-13]. Participatory disease surveillance systems can,
in theory, collect information from a more representative
population (including those who do not seek formal care) and
can provide near–real-time data on disease trends to enable
rapid health response [14,15]. Challenges in outbreak control
because of delays in timely data capturing during the COVID-19
pandemic demonstrated the need for participatory disease
surveillance systems that can be used in LMIC settings [16,17].
Key challenges documented include low and selective
participation, which introduces bias because of a lack of
population representativeness [18]. Therefore, data from
information market (IM)–based participatory surveillance could
be used to complement traditional participatory disease
surveillance systems, such as Influenzanet, and reduce the
consequential impact of the lack of population representativeness
[11].

Participatory disease surveillance systems that incorporate
features of IMs could be an approach to circumventing some
of these challenges simultaneously. IMs are a crowdsourcing
approach that relies on fundamental insights from economics

to encourage accurate reporting by participants and efficiently
aggregate community beliefs into a single interpretable
“now-cast” or forecast. In the simplest design, participants trade
(buy and sell) shares in a given outcome (eg, whether or not an
event will occur by a specified date), typically in a virtual
marketplace. The supply and demand for shares at a given time
yield a market-clearing price, which is interpretable as an
aggregate index of participants’ perceptions of the likelihood
of the event [19]. With active participation, this index fluctuates
over time, similar to a stock price, increasing and decreasing as
community perceptions evolve. Prediction markets, one form
of IMs, have been widely used in industry and government to
forecast product sales and make predictions regarding
geopolitical events as well as in various other contexts where
reliable data are scarce or difficult to collect [20-22].

IM surveillance uses this mechanism to elicit real-time
information on community participants’ perceptions of disease
trends. In contrast to prediction markets, the objective is not to
forecast disease trends into the future but to efficiently elicit
reliable perceptions from the community in real time. When
designed effectively and with sufficient engagement, IM
surveillance systems may prove more reliable than syndromic
participatory disease surveillance systems by (1) improving
scalability by motivating wide participation, (2) eliminating the
need for participants to be representative of a population, (3)
automatically encouraging more reporting from key
demographic groups or geographic areas, and (4) efficiently
aggregating participant information into indices useful for
decision makers without additional modeling or confounder
adjustment.

IM disease surveillance has not been evaluated in an LMIC
context. Two previous studies describe case studies in
higher-income countries (the United States and Taiwan) [23,24].
These studies suggest that IM surveillance is feasible and
accurate for influenza and dengue fever in these settings
[19,23-25].

Objectives
The objective of this study was to evaluate the approach’s
feasibility for a lower-income context. We deployed an
IM-based surveillance platform to monitor disease trends and
associated socioeconomic indicators in Accra, Ghana, during
the COVID-19 pandemic.
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Methods

Study Design
This pilot study assessed the use of a tailored IM system for
disease surveillance in Ghana. In IMs, participants report by
trading contracts specifying payoffs tied to a future event [26].
Each participant can buy or sell shares in these contracts based
on their expectations. For example, consider a contract that pays
US $100 if candidate X wins an election. If the market price of
an X contract is currently US $53 and the price of a Y contract
(for candidate Y) is currently US $21, we would interpret this
to mean that the market “believes” candidate X has a 53%
chance of winning and candidate Y has a 21% chance of winning
[5]. This approach functions as an information collection and
aggregation mechanism: each participant knows and is
incentivized to use it to make trades. The market for each
contract yields prices that reflect the trader’s expectations of
future events [27].

Study Setting
This pilot study was conducted among residents in Accra City,
Greater Accra Region, Ghana. Accra is Ghana’s capital and the
largest city and was one of the main COVID-19 epicenters in
2021 [28]. As Ghana’s commercial and political capital, Accra
receives visitors from other regions of Ghana and neighboring
countries [29]. There are 16.99 million internet users in Ghana
as of February 2022, of which 99.3% use smartphones [30].

Sample Size
The study included individuals aged ≥18 years who had access
to a personal desktop or computer and self-reported as frequent
internet users (>1 time/wk). Previous studies that used IMs to
forecast infectious diseases recruited 40 to 130 participants but
observed high attrition rates. Considering the potential for a
low participation rate, the study assumed that 105 participants
would be sufficient to achieve the pilot study goals of assessing
the feasibility and acceptability of the approach. Thus, total
enrollment was completed for 50 health workers and 55
community members in Accra.

Recruitment
An eligibility survey was designed based on gender; age;
occupation; device ownership; and digital experience, which
this study defined as proficiency in using modern technological
devices, especially computers. Two types of respondents were
targeted for this study: health workers and volunteer community
members. A total of 5 recruiters were trained on the recruitment
questionnaire, and participants were purposively recruited until
a point of saturation was reached on major issues in the criteria.

Health workers, including medical doctors, nurses, pharmacists,
community health workers, local health officials, and laboratory
technicians, were purposively recruited from clinics and
hospitals in Accra. Community members were purposively
recruited in different localities across Accra. Recruiters
approached potential respondents in their homes and workplaces.
This target included students, teachers, drivers, IT experts, web
developers, and computer system engineers. Eligible health
workers and community volunteers willing to participate were
encouraged to promote the study among their colleagues,
friends, peers, and family members. They could refer interested
individuals for eligibility screening.

Data Collection

Overview
A total of 105 recruits, including 50 health workers and 55
community members, were invited to participate. The study
was pretested among 4 community members and 2 health
workers over 3 weeks; learnings were used to improve the
questions and some platform features. The main pilot was
conducted over 3 months, from October 1 to December 31,
2021. The Prediki platform was used to coordinate trading and
interactions with the participants regarding expectations of
future COVID-19 cases, deaths, and COVID-19 vaccine uptake
in the Greater Accra region and nationwide. The buying and
selling of contracts was tied to the future realizations of the
outcomes based on regional statistics, as reported by the Ghana
Health Service and an independent surveillance system (FluNet).
Prices in these markets were used to track expectations of trends
over time.

Participant Engagement
Between September 15, 2021, and October 1, 2021, all eligible
participants (health care workers and community members)
willing to participate in the study were recruited until the desired
sample size was attained. Recruits completed a web-based
baseline survey collecting sociodemographic characteristics,
including age, occupation, and a major news source (such as
television, radio, and social media). Participants were enrolled
in a research group on WhatsApp Messenger (WhatsApp Inc)
administered by the study team, where instructional videos and
project-related announcements were shared to increase
engagement.

Prediction Market Implementation
Figure 1 shows the step-by-step recruitment process and the
stages of participating in the prediction markets survey.
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Figure 1. Flowchart showing the step-by-step recruitment process and participation cycle in the COVID-19 prediction markets survey in Ghana in
2021.

Preparation
We used the Prediki Prediction Markets 2.0 system (Prediki
Prediction Markets GmbH) to design a COVID-19 prediction
market for Ghana (Figure 2). Participants received individual
invite links to the Prediki platform and 3 instructional videos
on using prediction markets before the prediction markets

opened for trading (Figure 3). One video informed participants
of the need to help the Ghana Health Service monitor outbreaks
and the potential of using prediction markets in crowdsourcing
forecasts on COVID-19 (Multimedia Appendix 1). The other
videos guided participants on how to make trades on the Prediki
platform (Multimedia Appendix 2) and explained the reward
mechanism to be used in the study (Multimedia Appendix 3).

Figure 2. The Prediki prediction markets interface showing the user landing page for the COVID-19 Ghana prediction markets survey.
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Figure 3. How questions opened for trading are depicted on the user interface of the Prediki markets system. Participants can click on each question
to be directed to the trading options.

Trading
The trading on the platform began on October 1, 2021, with 2
sets of question types (Figure 3). Five questions had an end date
of December 31, 2021, and were open for trading from October
1 to December 31, 2021. The second set asked 6 questions,
which were made available periodically for a trading period of
2 weeks each. At the trading onset, each participant received

10,000 virtual credits for each question, with options to buy or
sell the contracts. Each question had 6 prediction options and
useful links to wiki articles and websites to inform trading
choices (Figure 4). Each question had a judgment rule—how
the result was determined—predetermined before trading was
opened. In addition, participants received weekly texts and
reminders to encourage participation.
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Figure 4. A picture example showing some website links to relevant wiki articles and the community discussions that helped inform participants’
trading decisions and choices based on ongoing events.

System Design
Questions on COVID-19 outcomes were judged against numbers
reported in the Ghana Health Service dashboard. Rewards were
assessed at the end of the trading period based on the virtual
credits left for each participant. The total virtual credits at the
end of the trading period were tallied, and rewards were
distributed per percentile placement, that is, those in the highest
10 percentile earned the highest rewards, and the rewards
decreased as placement in the percentile was further from the
top 10 percentile.

Rewards
Participants received rewards in phone credits ranging from GH
¢2.7 to GH ¢134.1 (US $0.23 to US $11.5) worth. Trade results
are compared to the official reports for the period after the
trading period to determine reward distributions (Figure 5).
After buying and selling, participants could post the reasons for
their trade choices in an interactive feature called “market talk.”
This ensured higher participation and allowed participants to
make a case for their trade (prices rose as more participants
made the same trade).
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Figure 5. An example of how trading results are compared to the official reports for the period after the trading period to determine reward distributions.

Data Collection

Overview
Participants completed a self-administered questionnaire before
trading onset. The survey collected data on participant age,
category of participants (health worker or community volunteer),
employment status, and main source of information (radio,
television, social media, other web-based platforms, and word
of mouth), and COVID-19 knowledge. Data on trading
frequencies were also extracted directly from the Prediki system.

A semistructured interview guide was used to explore the
concepts of feasibility, user acceptability and engagement,
changes in their health behaviors, and perceived COVID-19
risks related to the prediction markets used at the study’s exit.
The interviews followed a chronological format, with questions
centered around the participants’experience before, during, and
after participating in the activity. Participation in the in-depth
interviews was open to anyone who had traded on the platform.

Process Evaluation
A total of 3 research team members were simultaneously
interviewed to understand their perspectives on the
implementation process of the IM activity. The interview guide
was tailored to speak to the roles of these individuals. Rather
than focusing on a chronological format—before, during, and
after participation in the activity—the guide focused on stages
in the implementation process: interest in the implementation
process, planning, recruitment, execution, and reflection. The
complete interview guide for this implementation team can be
found in Multimedia Appendix 4. Key insights were added to
an existing memo of the participant interviews.

Statistical Analysis
Descriptive statistics were used to summarize the baseline
characteristics of recruited participants. We also conducted a
trend analysis to assess if there was a day-of-the-week effect
per time of the day (average by day) on trading frequency.
Ordinary least squares regression analysis was conducted to
determine the factors associated with trading at least once. All
statistical analyses were conducted using STATA (StataCorp
LLC) software.

Qualitative data were thematically analyzed. A codebook
developed for these interviews included 3 parent codes: 1 of a
topical nature, 1 focused on the participant experience, and 1
focused on a participant’s journey. The journey parent code had
5 subcodes at the following levels within a participant’s journey:
awareness, consideration, conversion, loyalty, and advocacy
(Table S1 in Multimedia Appendix 4). The codes and transcripts
were added to ATLAS.ti v3.16.1 (ATLAS.ti Scientific Software
Development GmbH) for the coding process. Journey maps are
a human-centered approach to capturing and sharing a person’s
experience of learning about something (awareness), trying a
solution (consideration or convert), and championing a solution
(loyalty or advocacy) [31]. After the initial compilation of
interview results, a high-level summary of each stage in the
participant journey map as well as an ideal platform journey
were shared with a few select participants in a focus group
setting. This web-based process was to complete a “return of
results,” explaining the results of the initial findings of the
qualitative interviews back to the participants and adding any
additional insights to these results to contribute to this iterative
process and study design.
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Measures
The primary outcome was feasibility and participant
acceptability. This was assessed using platform use metrics
(market-specific hit rates) and qualitative interviews after the
study’s conclusion. The secondary outcome was prediction
market acceptability, which was qualitatively explored based
on participants’ opinions and perceptions of the prediction
market system from experience.

Ethical Considerations
The Ghana Health Service Ethics Review Committee reviewed
and the Institutional Review Board at The University of North
Carolina at Chapel Hill approved this study (IRB 21- 3117).
An informed consent form and intake survey were administered
on the web through Qualtrics. Links were sent to all eligible
participants. Participants were rewarded with their payoffs in
the market via virtual credits on the Prediki system. These
credits were converted to phone minutes and credited to

participants’ accounts. Participants were rewarded as each
contract was resolved (determined by how closely the prediction
matched actual outcomes, as reported by the Ghana Health
Service on the target date of the prediction).

Results

User Statistics

Overview
Of the 105 participants enrolled and sent links to trade on the
IM platform (Prediki), 36 (34.3%) completed the baseline
survey. The average age of the participants recruited was 28
(SD 5.2; range 20-45) years. Half of the participants (19/36,
53%) had received at least 1 COVID-19 vaccine shot, 75%
(27/36) were sure they did not have COVID-19 at the time of
the study, and all participants (36/36, 100%) had high
COVID-19 knowledge (Table 1).
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Table 1. Descriptive summary showing the baseline characteristics and COVID-19–related knowledge of participants who completed the baseline
survey in Ghana in 2021 (n=36).

ValuesFactors

29 (5)Age (y), mean (SD)

18 (50)Health workersa, n (%)

Has a doctor or another health care professional diagnosed you with COVID-19?, n (%)

33 (92)No

1 (3)Yes

2 (6)Prefer not to answer

Do you think you have been infected with COVID-19?, n (%)

27 (75)No

7 (19)Unsure

2 (6)Yes

Have you received at least 1 dose of a COVID-19 vaccine?, n (%)

19 (53)Yes

17 (47)No

COVID-19 can spread through mosquitoes, n (%)

4 (11)True

32 (89)False

SARS-CoV-2 can live on certain surfaces for days, n (%)

29 (81)True

5 (14)False

2 (6)Unsure

Antibiotics are effective at preventing COVID-19 infection, n (%)

10 (27.8)True

18 (50.0)False

8 (22.2)Unsure

COVID-19 can spread through droplets coughed out by an infected person, n (%)

36 (100)True

—bFalse

Blisters or sores on the throat are not symptoms of COVID-19, n (%)

10 (28)True

18 (50)False

8 (22)Unsure

Washed hands with soap or used hand sanitizer several times a day, n (%)

36 (100)Yes

0 (0)No

Avoided public spaces, gatherings, or crowds, n (%)

29 (81)Yes

7 (19)No

Avoided contact with people who could be high risk, n (%)

30 (83)Yes

6 (17)No

Canceled or postponed travel for work or pleasure, n (%)
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ValuesFactors

17 (47)Yes

19 (53)No

aHealth workers include nurses, doctors, laboratory technicians, physician assistants, midwives, and orderlies.
bNot applicable.

Traders Versus Nontraders
Most trading and nontrading participants were aged ≥30 years
(13/19, 68% vs 53/86, 62%; P=.80) and health care workers
(11/19, 58% vs 44/86, 51%; P=.59). Most participants who

traded mainly obtained their COVID-19–related information
from web-based platforms and social media (12/19, 63%),
whereas most nontraders mainly obtained their information
from multiple sources (41/86, 48%; Table 2).

Table 2. Differences in characteristics between the recruited participants who traded at least once on the Prediki system during the 3-month active
trading period in 2021.

P valueTraded at least once, n (%)Factors

Yes (n=19)No (n=86)

.58Age (y)

6 (32)33 (38)<30

13 (68)53 (62)≥30

.59Occupation

11 (58)44 (51)Health workera

8 (42)42 (49)Nonhealth workerb

.09Main sources of COVID-19–related information

12 (63)33 (38)Internetc or social media

3 (16)12 (14)Television or radio

4 (21)41 (48)Multiple sourcesd

aHealth workers include nurses, doctors, laboratory technicians, physician assistants, midwives, and orderlies.
bNonhealth workers include students, unemployed persons, market traders, software engineers, bankers, drivers, and computer programmers.
cInternet includes news websites, search engines, blogs, and scientific publications.
dMultiple sources include web-based and offline sources, paper graphics, and word of mouth from others.

IM Uptake
Of the 105 participants invited to trade on the platform, 21
(20%) traded at least once. A total of 321 trades were made by
the 21 participants across 12 questions in the platform. Questions
estimating the number of COVID-19 cases at the regional level
(for the Greater Accra region) received the least number of trade
activities (range 6-13 trades). Comparatively, questions were
used to estimate the national-level number of COVID-19 cases,
and the final bonus question received the highest number of
trades (range 13-19 trades). Multimedia Appendix 5 presents a
detailed summary of trading activities for each question and the
number of rewards paid out per question.

Factors Associated With Trading
Participants who obtained their COVID-19–related information
mainly from television or radio were less likely to participate
(marginal effect: −0.184) than those who obtained information
from social media or internet. However, if they did trade, those
who got information from television or radio made more trades
and earned more rewards. Among those who traded, those aged
<30 years made 7.5 times more trades than those aged >30 years
(marginal effect: 0.0135) and earned GH ¢134.1 (approximately
US $11.7) more in rewards. There was no substantial
relationship between being a health worker and participating in
any trade or among those who traded regarding the number of
questions traded and rewards earned. Table 3 presents the details
of the ordinary least squares regression estimations with robust
SEs.

JMIR Infodemiology 2024 | vol. 4 | e50125 | p.207https://infodemiology.jmir.org/2024/1/e50125
(page number not for citation purposes)

Marley et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 3. Ordinary least squares (linear probability model) regression results showing factors associated with COVID-19 prediction markets trading
uptake and frequency among Ghanaian participants in 2021 (n=21).

Rewards, OLSNumber of questions, OLSAny trade made, OLSaVariables

Age (y)

134.17.5480.0135<30

111≥30

Occupation

11.950.918−0.0602Health workerb

111Nonhealth workerc

The main source of COVID-19 information

81.30e3.688−0.0912Multiple sourcesd

85.54e4.671f−0.184eTelevision or radio

111Internetg or social media

aOLS: ordinary least squares.
bHealth workers include nurses, doctors, laboratory technicians, physician assistants, midwives, and orderlies.
cNonhealth workers include students, unemployed persons, market traders, software engineers, bankers, drivers, and computer programmers.
dMultiple sources include web-based and offline sources, paper graphics, and word of mouth from others.
eP<.05.
fP<.10.
gInternet includes news websites, search engines, blogs, and scientific publications.

Qualitative Results
Overall, 10 (48%) of the 21 trading participants were engaged
in our in-depth interview over Zoom (Zoom Video
Communications Inc). Many factors influencing the feasibility
of implementing a viable IM-based disease surveillance program
were identified in this study. Key facilitators identified included
having (1) a strong onboarding process through the WhatsApp
platform, (2) a genuine curiosity and motivation to experiment
with the platform, (3) interactive features within the platform,
(4) peer influence, and (5) rewards. The main barriers identified
included (1) difficulty understanding the trading process and
(2) various IT issues and considerations. We found little
evidence that participants changed their long-term COVID-19
risk mitigating behaviors.

Facilitators

Strong Onboarding Process Through WhatsApp
A project-specific WhatsApp group was an important tool that
immediately created a positive onboarding experience for
participants and facilitated communication between participants
and the research team. Participants could communicate directly
with the designated support project staff if they had any specific
questions. WhatsApp messages served as reminders for
participants to check the digital platform. In addition, the
introductory videos showing how to use the platform, trade,
and earn more rewards were shared on the WhatsApp group,
allowing participants to understand how to operate and navigate
the platform, given that the videos were short and visual.
Participants could also ask for technical support from designated
staff on WhatsApp during the trading process and receive
notifications about new open questions and trading reminders

on the group page. This helped keep participants updated on
questions open for trades and actively engaged in the IM
process:

...The toggle video is the one with the cartoon. It was
very helpful. Because I had my hands on many things,
taking time to read was difficult, so I think the videos
were helpful. You watch it in about 2 minutes and get
the whole idea. [Participant 6]

Curiosity About IMs
All participants had genuine curiosity, interest, and motivation
to participate in this pilot. Of 10 participants, 6 (60%) heard
about the activity from friends and chose to participate because
their friends participated. Half of the participants (5/10, 50%)
interviewed were curious about how IMs worked and wanted
to learn more about the platform. In total, 20% (2/10) of
participants wanted to understand the frequency of how
COVID-19 was evolving in Ghana, and others wanted to share
their ideas to give back to their community and help their
country. Participating health care workers also expressed that
this was a good way to share their voices on this topic as health
professionals.

Furthermore, seeing other participants actively engaged on the
platform motivated participants to continue trading. A total of
20% (2/10) of interviewees and some focus group discussion
participants indicated that their motivation did not mainly stem
from the novelty of platform features or the direct reminder
messages from the administrator but rather from seeing the
activeness of their peers on the platform. Moreover,
understanding one’s genuine interest in this material was a
precursor for their acceptability of the platform when assessing
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their willingness to participate in future IM surveillance in their
daily life. Moreover, participants cited that persons who are
genuinely curious about IMs and want to explore data (perhaps
a student or someone interested in research) are the ideal
participants to consider when deciding whether to share this
platform with a friend:

I just wanted to do something different from what I
used to do, to learn more and to share ideas, and as
a health professional, I was thinking that maybe this
was right for me to put out my voice concerning this
particular new disease that has come either to stay
or will go away in a short while. [Participant 3]

Interactive Features Within the Platform
Besides the trading process, the platform (Prediki) had an
interactive chat feature that participants enjoyed. Many
participants did not see the chat capabilities and initially felt
there needed to be more interaction on the platform. However,
once they discovered this feature, it allowed for an interactive
experience that encouraged sharing knowledge and diverse
opinions. Many participants valued the diversity of thoughts
shared in the community section on the platform and deemed
it a key attractor to this type of trading activity. The competitive
nature of the activity attracted some participants but deterred
others. While some enjoyed the back-and-forth in the comments
section and partly based their predictions on others’ opinions,
others wished the platform was more collaborative and had
participants working together more explicitly. The platform
also had a ranking system that ranked participants based on how
many points they had accrued from their predictions. Many
participants appreciated this feature and saw it as a motivator
to try and improve their predictions to increase their rank:

I found it interesting because, at some point, you will
have conflicting ideas, you’re your colleagues, and
at some point, you will realize that your other
colleague will come in to support your explanation
that you have given to the reason why probably you
chose a particular range...it was a nice way of sharing
knowledge. [Participant 1]

Peer Promotion and Rewards
Some participants (4/10, 40%) heard about the activity through
a friend or had a friend participate. This was a key facilitator in
getting people to sign on to the pilot and for sharing information
in the future. To scale up the platform use, all participants said
they would recommend it to friends and family as those people
would be more trusting and willing to try and iterate how they
would describe the platform to others. Other participants
proposed promoting the platform’s social and fun angle, while
some advocated promoting the educational appeal. All
participants agreed that social media should be explored to
recruit more diverse participants. However, friends and family
would be the starting recruitment point for future platform
iterations.

In addition, rewards were deemed a strong motivator for
participation in prediction markets. Several participants
appreciated the phone credits but mentioned that a monetary
reward would be more valuable than the phone credits. This is

because some participants received phone credits through work;
other participants already had beneficial phone credit bundle
subscriptions. Therefore, cash rewards allowed for more
flexibility in spending on other things they may need besides
phone credit. Moreover, nearly all participants agreed that more
active participants should receive more compensation for their
time and efforts and there should be rewards for the referral of
new participants:

...basically, I was contacted by a friend, my mate in
school, who told me about it, and I did not have to
think twice. I told him I was in, and that is where it
started. [Participant 8]

Barriers

Trading and Technical Difficulties
Although all participants cited a willingness to participate again
if offered, understanding the trading process could have helped
active engagement and enjoyment of the experience. Some
participants needed clarification on the trading process even
after repeatedly watching the tutorial videos. This difficulty
remained across every step of the trading process, from
understanding the terminology of “confirming a trade” to the
concept of “altering an existing trade.” Although the videos
were helpful, 3 (30%) out of the 10 participants interviewed
suggested having a “classroom training” session using Zoom
or another platform to answer participant questions live as they
watched the explanatory videos. Not only would this help
answer any questions that participants may have, but as 1 (10%)
participant pointed out, it would also help increase engagement
in the overall activity. In addition, receiving a successful trade
confirmation notification was recommended by both participants
and research team members to resolve some of the confusion
surrounding trading. Of 10 participants, 5 (50%) also suggested
that providing detailed education and training on trading and
how trading markets work earlier in the onboarding process
would help people overcome these difficulties (Multimedia
Appendix 4).

It was recommended that allowing for a dynamic onboarding
approach where participants may communicate via oral language
versus written in WhatsApp rather than static videos would
provide a more educational experience. In addition, highlighting
some difficulty-related questions in a frequently asked questions
section on the platform for future reference was recommended.
Some participants also mentioned the need for more visuals
(“Maybe some videos, 2 minutes, 1-minute video” [Participant
8] and “colored and boldened so that when you get to the
platform, you know that this is what you are talking about...”
[Participant 7]), short excerpts, or short voice notes with detailed
explanations on trading to offer a broad set of learning options.
The discrepancy between points and the actual monetary value
of the points earned also confused some participants as they
“had no idea what they would earn” and ended up discouraged
when their points gained largely exceeded the financial reward
received. Implementation team members also mentioned that
disseminating the rewards was cumbersome and could be
streamlined in the future.
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Unidirectional Communication
Besides the technical specifications of the onboarding process,
participants noted that it would have been nice if members were
lively and more interactive with each other from the start.
Initially, the WhatsApp platform was only set up for 1-way
communication (ie, from the administrator to the participants
as a group). Although participants could directly message the
administrator for help, many participants would have liked
2-way communication with other participants on WhatsApp.
Many participants also emphasized the need for a more
mobile-friendly platform in the future, as many participants
engaged with the website through their laptops. Only 1 (10%)
participant was technology savvy enough to interact with the
site on their mobile device by keeping a window tab open in
the web browser. However, not everyone would understand
how to do this. Therefore, creating an app would allow for a
smoother participant and referral experience (Multimedia
Appendix 4).

Low Participation
Although 105 participants were recruited, only 21 (20%) traded
on the platform. Of the 10 participants interviewed, 2 (20%)
mentioned that their busy schedules hindered greater
participation. Others may need constant reminders to remember
to trade, as many Ghanaians do not check their email regularly.
Therefore, 3 (30%) of the 10 participants suggested a
“notifications” feature to keep people engaged daily, besides
the WhatsApp reminders for a future iteration of the platform.
More specifically, 1 (10%) of the 10 participants highlighted
the need for notifications sent via a message (such as SMS text
message or push notifications), call, or app notification, instead
of directing people to their email, recognizing the effects of
limited data use, particularly in settings with poor
telecommunication services. The implementation team members
also noted that addressing password recovery as a high-return
but low-effort task would remarkably improve a participant’s
experience with the platform:

It was cool. I was very active from the beginning, but
right after the end, I was not that active because I
was doing my internship and helped my mom take
care of me in school. So, I was working two jobs at
the same time. [Participant 4]

Competition With Other Web-Based Spaces and Pilot
Delays
Although we thought participation rates would have been higher
considering COVID-19’s impact and global acceleration into
the virtual world, this acceleration also increased the competition
for people’s time in other spaces (such as social media and
dating apps). Another implementation team member also
mentioned the long delay between the initial participant
recruitment and onboarding to the platform. Therefore, the
curiosity about IMs and interest in how they work would have
withered when the platform was finally opened for trading. This
may have contributed to lower participation rates. One of the
research team members narrated that “several individuals had
forgotten why the administrator was reaching out to them as a
length of time had passed between being recruited and the actual

launch of the platform.” Although this delay is not unusual when
developing and piloting new systems, the duration between
recruitment and opening of the platform for trading can be
reduced by ensuring that recruitment and training only
commence when the platform is actively ready for use. In
addition, establishing a social media group to keep participants
engaged through demonstrations and bidirectional
communication would have kept participants actively engaged
during such waiting periods.

Discussion

Overview
Traditional infectious disease surveillance is challenging and
prohibitively costly in many LMICs, increasing the importance
of developing new infectious disease surveillance methods.
Participatory disease surveillance offers a cheap and flexible
option but is vulnerable to multiple issues that limit their ability
to inform disease response. Designing participatory disease
surveillance systems using IMs can address many of these
challenges, and IM-based participatory disease surveillance has
been successfully piloted in high-income contexts [19,24]. Our
data suggest that prediction markets were feasible for engaging
local Ghanaian communities in COVID-19 control responses.
We also found that user feedback could be used to improve the
prediction market platform. This study extends the literature by
focusing on an LMIC setting and iteratively developing the
prediction market with end users using participatory methods.

Principal Findings
Our results demonstrate that using IMs for infectious disease
surveillance is feasible in Ghana. This finding is consistent with
a small amount of literature on using IMs to enhance infectious
disease surveillance [19,23-25]. Most prediction markets for
infectious diseases have focused on the United States and other
high-income countries, neglecting resource-limited settings
[23]. This may result from more familiarity with information
or prediction markets in high-income settings or fewer digital
health resources in LMICs. Designing an IM system as an ad
hoc structure to complement disease surveillance or integrating
it into existing health monitoring structures could expand public
health surveillance in resource-limited countries. IMs could
effectively and efficiently capture real-time data to accelerate
policy and planning. Further research is needed to scale up this
approach and assess its effectiveness in tracking disease trends.

The qualitative findings from our study showed how social
innovation approaches could be used to improve prototypes
based on local feedback iteratively. Social innovation is a
community-engaged process that links social change and health
improvement [32]. Our findings corroborate this, which
suggested that prediction market systems could facilitate
community participation in public health monitoring, but the
system design is crucial to increasing community engagement.
Thus, the ability of the target population to use digital tools at
varying levels, the cost of internet services, and internet
coverage must be critically considered when determining the
design and features of a prediction market system for LMICs.
In addition, researchers should consider designing IM systems
as applications that can be supported by multiple mobile phone
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operating software (eg, Androids, iOS, and Windows) and web
browsers to cater to users of varying levels of technology
savviness.

Our data also confirm observations of other studies
demonstrating that IM surveys could effectively enable
community participation in real-time infectious disease
monitoring. IMs provide a formal mechanism to aggregate views
of diverse individuals to generate forecasts that could improve
response to infectious disease emergencies [19,33]. This
approach may allow individuals with low income, ethnic and
racial minority groups, and others to contribute to infectious
disease control efforts. However, our data also highlights the
need for further platform refinement. Many participants found
some aspects of the user interface duplicative and not intuitive,
making navigation difficult. In addition, other methods to
decrease the digital divide and ensure broad access are needed.
For example, an unstructured supplementary service data
interface could allow people to participate without a smartphone.

Low participation could hinder the successful use of IMs for
infectious disease surveillance in LMICs. The participation rate
that we observed (21/105, 20%) is similar to the findings of
another study, which reported that only 20% of their study
participants accounted for 80% of trades made during the season
under review [24]. Despite this, relatively low take-up may be
less consequential for IM-based systems than for more
traditional participatory disease surveillance systems [18].
Therefore, IM surveillance data could complement traditional
participatory disease surveillance and reduce the impact of the
lack of population representativeness. Moreover, there are
multiple ways in which participation can be increased, such as
tweaking platform design, enabling more engagement, and
offering optional notifications and trading updates.

Beyond implementation in an LMIC, our study built on the
existing literature by expanding the sample population to a
broader set of participants (including general community
members in addition to health care professionals) and included
human-centered design thinking principles in the methods to
better capture participant experience. Although this study was
not designed to evaluate the quantitative results of the IM as
they related to existing surveillance methods, which is left for
future studies, our pilot data have implications for research and
policy. From a research perspective, this study shows that IMs
for infectious disease surveillance are feasible in LMIC settings.
On the basis of the feedback from the participant and
implementation team interviews and focus group discussions,
we have compiled the ideal participant journey map for a future
version of an IM-based platform (Figure S1 in Multimedia
Appendix 4). Further research is needed to ensure broader
engagement, especially among people with limited technology

experience. In addition, randomized controlled trials are needed
to assess the effectiveness of prediction markets compared to
conventional case-based surveillance systems. From a policy
perspective, there is a need for technological and regulatory
support to create IMs, and the availability of public data on
reported infectious diseases is necessary.

Limitations
Our study has limitations. First, our sample size is small, and
therefore, the views and experiences of the study participants
are not representative of the general population. However, our
pilot study provides preliminary data and lessons to inform
subsequent research into using predictive markets for infectious
disease surveillance in LMICs. Second, specific characteristics
of the prediction market system may have limited engagement
and limited our ability to use the data to estimate COVID-19
cases. Although the pilot was implemented with a computer
default, several users accessed the platform on their
smartphones. Subsequent studies should consider adopting
smartphone-based designs for user convenience to mitigate this
limitation and encourage community engagement. Subsequent
studies should also consider having social media–based chat
groups where participants can directly interact with each other
to make their experience more enjoyable. Third, IMs are limited
in the context of capturing the syndromic profiles of reporting
individuals. Therefore, IMs should be used to complement data
from traditional surveillance and passive disease surveillance
systems but not as replacements for those systems.

Conclusions
This study contributes to the growing literature around
participatory disease surveillance approaches by demonstrating
the feasibility of tailoring existing systems for use in LMIC
settings, where they are urgently needed. Our findings showed
that using IM surveillance to supplement traditional laboratory
and syndromic monitoring systems is feasible and acceptable
in LMICs. Our qualitative findings also better explained the
barriers and facilitators of implementing an IM-based program.
Moreover, the ideal journey framework we have developed
could inform future implementation designs. However, adequate
education on trading and a more user-friendly technological
interface with offline notification systems are needed to ensure
optimum participation in future IMs. In addition, ensuring a
comprehensive onboarding process with bidirectional
communication and social media promotion platforms is
essential to keep participants continuously engaged and
interested in prediction markets. Future research should
incorporate greater equity in the sample population and explore
variations in geographic diversity to fully understand the
potential of IMs in daily national disease surveillance systems
of other LMICs.
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Multimedia Appendix 1
Video introduction on COVID-19 prediction markets surveillance to complement efforts of the Ghana Health Service in monitoring
COVID-19 outbreaks during the pandemic.
[MP4 File (MP4 Video), 101652 KB - infodemiology_v4i1e50125_app1.mp4 ]

Multimedia Appendix 2
Video showing the step-by-step process of trading participation in the COVID-19 prediction markets survey on the Prediki
platform.
[MP4 File (MP4 Video), 12459 KB - infodemiology_v4i1e50125_app2.mp4 ]

Multimedia Appendix 3
Video showing the trading rewarding process and how rewards are determined in the prediction markets survey.
[MP4 File (MP4 Video), 5221 KB - infodemiology_v4i1e50125_app3.mp4 ]

Multimedia Appendix 4
Supplementary tables, explanatory texts, participants excerpt quotes, thematic coding tree, and a figure showing the ideal user
journey.
[PDF File (Adobe PDF File), 121 KB - infodemiology_v4i1e50125_app4.pdf ]

Multimedia Appendix 5
The questions used in the Prediki prediction markets surveillance for Ghana on the Prediki platform and the frequency of trades
made by participants per question for 3 months in 2021.
[DOCX File , 16 KB - infodemiology_v4i1e50125_app5.docx ]
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Abstract

Background: Health misinformation on social media can negatively affect knowledge, attitudes, and behaviors, undermining
clinical care and public health efforts. Therefore, it is vital to better understand the public’s experience with health misinformation
on social media.

Objective: The goal of this analysis was to examine perceptions of the social media information environment and identify
associations between health misinformation perceptions and health communication behaviors among US adults.

Methods: Analyses used data from the 2022 Health Information National Trends Survey (N=6252). Weighted unadjusted
proportions described respondents’perceptions of the amount of false or misleading health information on social media (“perceived
misinformation amount”) and how difficult it is to discern true from false information on social media (“perceived discernment
difficulty”). Weighted multivariable logistic regressions examined (1) associations of sociodemographic characteristics and
subjective literacy measures with misinformation perceptions and (2) relationships between misinformation perceptions and
health communication behaviors (ie, sharing personal or general health information on social media and using social media
information in health decisions or in discussions with health care providers).

Results: Over one-third of social media users (35.61%) perceived high levels of health misinformation, and approximately
two-thirds (66.56%) reported high perceived discernment difficulty. Odds of perceiving high amounts of misinformation were
lower among non-Hispanic Black/African American (adjusted odds ratio [aOR] 0.407, 95% CI 0.282-0.587) and Hispanic (aOR
0.610, 95% CI 0.449-0.831) individuals compared to White individuals. Those with lower subjective health literacy were less
likely to report high perceived misinformation amount (aOR 0.602, 95% CI 0.374-0.970), whereas those with lower subjective
digital literacy were more likely to report high perceived misinformation amount (aOR 1.775, 95% CI 1.400-2.251). Compared
to White individuals, Hispanic individuals had lower odds of reporting high discernment difficulty (aOR 0.620, 95% CI
0.462-0.831). Those with lower subjective digital literacy (aOR 1.873, 95% CI 1.478-2.374) or numeracy (aOR 1.465, 95% CI
1.047-2.049) were more likely to report high discernment difficulty. High perceived misinformation amount was associated with
lower odds of sharing general health information on social media (aOR 0.742, 95% CI 0.568-0.968), using social media information
to make health decisions (aOR 0.273, 95% CI 0.156-0.479), and using social media information in discussions with health care
providers (aOR 0.460, 95% CI 0.323-0.655). High perceived discernment difficulty was associated with higher odds of using
social media information in health decisions (aOR 1.724, 95% CI 1.208-2.460) and health care provider discussions (aOR 1.389,
95% CI 1.035-1.864).

Conclusions: Perceptions of high health misinformation prevalence and discernment difficulty are widespread among social
media users, and each has unique associations with sociodemographic characteristics, literacy, and health communication behaviors.
These insights can help inform future health communication interventions.
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Introduction

Background
The Pew Research Center estimates that approximately 72% of
Americans use social media [1], and research suggests that
social media is widely used for health-related purposes
specifically [2]. Social media has become an important venue
for the exchange of health-related information and advice [3].
In 2019, 41% of internet users in the United States reported
watching health-related YouTube videos, and 17% reported
sharing health information on social networking sites [4]. Social
media can help people find and access more useful and
personally relevant information, facilitate the exchange of social
support, and aid with disease management efforts [3]. However,
while social media can make health information more accessible,
the use of social media for health information seeking can also
create the risk of harm through exposure to misinformation.

Defined as “health-related information that is false, inaccurate,
or misleading according to the best available evidence at the
time,” health misinformation is increasingly recognized as a
threat to public health [5,6] (note that this definition includes
disinformation, or false information that is created and spread
with the intent to deceive, as a subset of misinformation [7]).
Although health misinformation is not a new phenomenon,
social media facilitates the rapid spread of falsehoods [6],
thereby exacerbating the potential negative impact of
misinformation on both individual and population health. Certain
features of social media platforms, such as incentives that reward
the sharing of content that receives more engagement, can result
in a focus on sharing emotionally charged or provocative content
rather than accurate content [6,8]. Additionally, algorithms that
suggest content to users are often based on past engagement
behavior, which can reinforce echo chambers, whereby users
who engage with misinformation increasingly encounter further
misinformation [6,8].

Many studies have documented substantial health-related
misinformation on social media across a range of topics
(including tobacco products, drugs, and vaccines) [9], and
research increasingly suggests that social media misinformation
can have a negative impact on health-related attitudes, behaviors,
and outcomes. For example, Pierri et al [10] found that the
prevalence of COVID-19 vaccine misinformation on Twitter
(now rebranded as X) was related to higher levels of vaccine
hesitancy and lower vaccination uptake rates in the United States
even after accounting for political and sociodemographic factors.
Furthermore, their causality analysis suggested a directional
relationship between social media misinformation and vaccine
hesitancy, with a lag of approximately 2 to 6 days from
misinformation being posted in a county to a corresponding
increase in vaccine hesitancy in that county [10]. Further
evidence of a causal relationship between exposure to
misinformation and health-related attitudes and intentions is
provided by a randomized controlled trial conducted in the

United States and the United Kingdom, which showed that
exposure to misinformation in the form of social media posts
decreased the number of respondents who said that they would
“definitely” take the COVID-19 vaccine by approximately 6
percentage points relative to the control group [11].

While there is a growing body of research examining the
prevalence of misinformation on social media, as well as the
association between social media misinformation and
health-related outcomes, little work to date has focused on
understanding how individuals perceive misinformation on
social media or how these perceptions impact behavior. Surveys
conducted over the past few years show that many US adults
believe that much of the news they see on social media is false
or inaccurate [12,13]. This is significant because studies have
shown that misinformation perceptions impact communication
behaviors. For example, a study conducted in Germany found
higher self-perceived exposure to “fake news” to be associated
with more frequent engagement in information verification
behaviors on Facebook [14]. Meanwhile, a study conducted on
Amazon Mechanical Turk found that perceiving fake news to
have a greater influence on others than on oneself (ie, the
third-person effect) was associated with lower intent to share
news obtained from social media (either online or offline) [15].

Studies also suggest that perceptions of misinformation
prevalence are associated with attitudes toward health
issues—for example, one cross-sectional study found
perceptions of high misinformation prevalence to be correlated
with worry about COVID-19 [16]. Notably, the study found
neither a significant association between actual misinformation
prevalence (as measured using the “Infodemic Risk Index,”
which produces frequency estimates of misinformation on
Twitter by country) and worry about COVID-19 nor an
interaction between actual misinformation prevalence and
perceived prevalence in explaining pandemic worry [16]. This
suggests critical psychological and cognitive effects of
misinformation perceptions independent of actual
misinformation prevalence (and separate from misinformation
endorsement or belief) [16].

In addition to assessing perceptions of misinformation
prevalence, assessing people’s confidence in their ability to
detect misinformation is important because confidence can
affect the way people make subsequent judgments [17]. For
example, confidence can determine whether an individual acts
on their initial judgment or seeks out additional information
[18]. Confidence levels also affect a person’s willingness and
ability to defend their assessments such that individuals who
are able to discern true from false information—and are
confident about their judgments—are more resistant to
misinformation [18]. A person’s perceptions about their ability
to accurately detect misinformation can also influence their
perceptions about their capacity to manage health issues or make
health decisions. For example, Park et al [19] found that people
who had higher confidence in their ability to distinguish between
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true and false COVID-19 information also had higher
COVID-19 risk readiness perceptions (ie, felt that they had a
“handle on the issues and developments surrounding the
coronavirus outbreak”). Unfortunately, confidence can also be
easily undermined, particularly when an individual is unsure
about the validity of the material they are considering or lacks
the necessary skills or literacy competencies to feel secure in
their assessment [17].

Beyond obtaining a better understanding of misinformation
perceptions and how they impact cognitive and behavioral
processes and outcomes, it is also important to assess whether
these perceptions vary by sociodemographic or other
characteristics to identify groups that may be more vulnerable
to misinformation and in need of more targeted efforts. For
example, the trial conducted by Loomba et al [11] showed that
some groups were differentially affected by exposure to
misinformation—in the United States, female individuals were
found to be less resistant to misinformation than male
individuals, whereas those with lower incomes were found to
be more resistant. Additionally, a survey conducted by the Pew
Research Center in 2016 found that White individuals were
more likely than Black and Hispanic individuals to say that they
often saw fake political news online, and those with annual
incomes of at least US $75,000 were more likely to report seeing
fake news compared to those who made less than US $75,000
per year [20]. Findings regarding demographic differences in
perceived ability to discern true from false information are more
mixed. The Pew survey found that confidence in detecting fake
political news did not differ significantly by sociodemographic
characteristics (such as age, gender, income, or race) [20],
whereas the study conducted by Park et al [19] found education
and income to be significant predictors of confidence in
distinguishing true from false information about COVID-19.
Furthermore, a large survey experiment conducted by Sirlin et
al [21] found digital literacy (as measured by familiarity with
internet-related terms and attitudes toward technology as well
as understanding of social media algorithms) to be an important
predictor of the ability to discern truths from falsehoods when
judging headline accuracy for both political and COVID-19
articles. Taken together, these findings demonstrate the
importance of assessing how perceptions of health
misinformation and misinformation discernment vary by
sociodemographic characteristics and literacy. Although research
regarding vulnerability to misinformation remains mixed (eg,
with regard to age, sex, and income) [22], the potential impact
of social media misinformation on health disparities is an
important issue that requires ongoing attention.

Study Aims
Because misinformation perceptions can affect attitudes and
behaviors, a better understanding of the public’s perceptions of
health misinformation on social media and their ability to detect
it, as well as possible subgroup differences in such perceptions,
is needed. Toward that end, this study analyzed data from the
National Cancer Institute’s 2022 Health Information National
Trends Survey (HINTS 6) to (1) assess the prevalence of 2
distinct misinformation-related perceptions—perceived amount
of health misinformation on social media and perceived ability
to distinguish true from false health information on social

media—(2) identify sociodemographic factors associated with
these health misinformation perceptions; and (3) explore
associations between these misinformation perceptions and
health communication behaviors, including information sharing,
health decision-making, and communicating with health care
providers.

Methods

Data and Sample Selection
HINTS is a nationally representative, cross-sectional,
self-administered survey of civilian, noninstitutionalized US
adults aged ≥18 years. Data for HINTS 6 (N=6252) were
collected between March 7, 2022, and November 8, 2022, using
questionnaires administered via mailed paper or web-based
surveys. The overall response rate for HINTS 6 was 28.1%.
Respondents who reported that they did not use social media
(1211/6252, 19.37%) were excluded from the analyses, resulting
in a starting analytic sample of 5041. Details regarding the
design of HINTS 6, including methodology, sampling, and
weighting procedures, have been published elsewhere [23].

Ethical Considerations
HINTS 6 received approval from the Westat Institutional
Review Board on May 10, 2021 (6632.03.51), and was
designated as non–human subjects research by the National
Institutes of Health Office of Human Subjects Research on
August 16, 2021 (000626). Respondents’return of the completed
survey indicated consent to participate.

Measures

Social Media Health Misinformation Perceptions
A total of 2 social media misinformation–related perceptions
were measured. Perceived amount of misinformation on social
media (“perceived misinformation amount”) was assessed with
the following item: “How much of the health information that
you see on social media do you think is false or misleading?”
Response options were none, a little, some, a lot, and I do not
use social media (as noted previously, those who selected “I do
not use social media” in response to this item were excluded
from the analyses).

Perceived difficulty distinguishing true from false information
on social media (“perceived discernment difficulty”) was
measured by assessing agreement with the following
statement—“I find it hard to tell whether health information on
social media is true or false”—among respondents who reported
social media use. Response options were strongly agree,
somewhat agree, somewhat disagree, and strongly disagree.

Health Communication Behaviors Related to Social
Media Use
Information sharing on social media was assessed using two
items that asked how often in the previous 12 months
respondents (1) “share[d] personal health information on social
media” and (2) “share[d] general health-related information on
social media (for example, a news article).” Response options
were almost every day, at least once a week, a few times a
month, less than once a month, and never.
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Respondents’ use of information encountered on social media
was assessed through reported agreement with 2 items: “I use
information from social media to make decisions about my
health” and “I use information from social media in discussions
with my healthcare provider.” Response options were strongly
agree, somewhat agree, somewhat disagree, and strongly
disagree.

Sociodemographic Characteristics
Sociodemographic variables included (1) educational level
(categorized as high school degree or lower, some college or
vocational training, and college graduate or higher), (2) sex
(male or female), (3) age (18-24 years, 25-34 years, 35-44 years,
45-54 years, 55-64 years, and ≥65 years), (4) race or ethnicity
(non-Hispanic White; non-Hispanic Black/African American;
Hispanic; and non-Hispanic other, which included non-Hispanic
American Indian or Alaska Native, non-Hispanic Asian,
non-Hispanic Native Hawaiian or other Pacific Islander, and
non-Hispanic multiple races), (5) annual household income
(<US $20,000, US $20,000-<$35,000, US $35,000-<$50,000,
US $50,000-<$75,000, US $75,000-<$100,000, and ≥US
$100,000), and (6) geographic residence (urban or rural based
on the 2013 Rural-Urban Continuum Codes).

Literacy Measures
Subjective health literacy was assessed using the following
item: “How confident are you filling out medical forms by
yourself?” Response options were very [confident], somewhat
[confident], a little [confident], and not at all [confident]. This
measure is one of the brief screening questions identified by
Chew et al [24] for detecting inadequate or marginal health
literacy among adults. Subjective digital literacy was assessed
using the following item: “How confident are you that you can
find helpful health resources on the Internet?” Response options
were completely confident, very confident, somewhat confident,
a little confident, and not at all confident. This measure was
adapted from the eHealth Literacy Scale [25]. Subjective
numeracy was assessed using the following item: “In general,
how easy or hard do you find it to understand medical
statistics?” Response options were very easy, easy, hard, and
very hard. This item, which is part of the STAT-Confidence
scale developed by Woloshin et al [26], has been shown to be
a strong predictor of scores on the Newest Vital Sign measure
(an objective measure of health literacy and numeracy) [27].

Statistical Analysis
To account for the complex sampling design of HINTS, analyses
were conducted in SAS (version 9.4; SAS Institute) using final
sample weights to obtain population-level point estimates and
a set of 50 replicate weights to compute accurate variance
estimates [23]. Frequencies and survey-weighted unadjusted
proportions were used to describe the distributions of perceived
misinformation amount and perceived discernment difficulty.

In total, 2 weighted multivariable logistic regression models
examined associations of sociodemographic characteristics and
literacy measures with perceived misinformation amount and
perceived discernment difficulty. For these analyses, perceived
misinformation amount was dichotomized to reflect high

perceived misinformation amount (a lot) versus low perceived
misinformation amount (none, a little, or some) to facilitate
comparison between those who perceived misinformation to be
a significant problem in the information environment and those
who did not. Furthermore, only a relatively small proportion of
respondents felt that “none” or only “a little” of the information
they saw on social media was false or misleading, whereas over
a third of the sample reported that “a lot” of the information
they saw was false or misleading. Perceived discernment
difficulty was dichotomized as high (strongly agree or somewhat
agree) versus low (somewhat disagree or strongly disagree).
Additionally, subjective health literacy was dichotomized as
high (very [confident] or somewhat [confident]) versus low (a
little [confident] or not at all [confident]), digital literacy was
dichotomized as high (completely confident or very confident)
versus low (somewhat confident, a little confident, or not at all
confident), and numeracy was dichotomized as high (very easy
or easy) versus low (hard or very hard).

A total of 4 additional weighted multivariable logistic regression
models tested associations of high versus low perceived
misinformation amount and high versus low perceived
discernment difficulty with communication behaviors related
to social media use (ie, sharing personal health information on
social media, sharing general health information on social media,
using information from social media to make health decisions,
and using information from social media in discussions with
health care providers) adjusted for sociodemographic
characteristics and dichotomized literacy measures. The 2
information-sharing behavior measures were dichotomized as
ever shared (almost every day, at least once a week, a few times
a month, or less than once a month) versus never shared,
whereas the 2 social media information use items were
dichotomized as agreement (strongly agree or somewhat agree)
versus disagreement (somewhat disagree or strongly disagree).
Sensitivity analyses tested the interaction of perceived
misinformation amount and discernment difficulty in predicting
these communication outcomes, but this interaction was not
statistically significant in any of the models.

Adjusted analyses used complete case analysis, with valid
analytic samples reported in tables corresponding to each
analysis. Descriptive information on missing data for each
variable is publicly available on the HINTS website [28]. Tests
of significance were conducted at the P<.05 level.

Results

Prevalence of Social Media Health Misinformation
Perceptions
As shown in Figure 1, over one-third of American social media
users (35.61%) perceived “a lot” of misinformation on social
media (ie, expressed high perceived misinformation amount),
whereas only a very small percentage (1.54%) perceived that
“none” of the health information they see is false or misleading.
Figure 2 shows that approximately two-thirds of American
social media users agreed that they find it hard to tell whether
health information on social media is true or false (ie, endorsed
high discernment difficulty).
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Figure 1. Weighted proportions of perceived health misinformation amount among American social media users.

Figure 2. Weighted proportions of perceived discernment difficulty among American social media users.

Predictors of Social Media Health Misinformation
Perceptions

Perceived Misinformation Amount
As shown in Table 1, individuals who were non-Hispanic
Black/African American (compared to non-Hispanic White
individuals; adjusted odds ratio [aOR] 0.407, 95% CI
0.282-0.587) or Hispanic (compared non-Hispanic White
individuals; aOR 0.610, 95% CI 0.449-0.831) or who had lower

subjective health literacy (vs those with higher health literacy;
aOR 0.602, 95% CI 0.374-0.970) were less likely to report high
perceived misinformation amount. Comparatively, respondents
with lower subjective digital literacy were more likely to report
high misinformation amount (vs those with higher digital
literacy; aOR 1.775, 95% CI 1.400-2.251). Age, sex, educational
level, income, geographic residence, and numeracy were not
statistically significantly related to perceived amount of
misinformation.
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Table 1. Predictors of social media health misinformation perceptions.

Perceived discernment difficultyb (n=4205),
adjusted odds ratio (95% CI)

Perceived misinformation amounta (n=4218),
adjusted odds ratio (95% CI)

Independent variable

Age (y; reference: 18-24)

0.485 (0.289-0.816)c0.745 (0.403-1.376)25-34

0.487 (0.311-0.763)0.859 (0.495-1.491)35-44

0.624 (0.384-1.014)0.772 (0.410-1.454)45-54

0.605 (0.369-0.990)0.790 (0.425-1.468)55-64

0.841 (0.525-1.346)0.688 (0.384-1.232)≥65

Sex (reference: male)

1.077 (0.871-1.331)1.037 (0.791-1.358)Female

Educational level (reference: high school or lower)

1.210 (0.882-1.660)1.206 (0.867-1.677)Some college or vocational training

0.871 (0.632-1.200)1.144 (0.809-1.618)College graduate or higher

Race or ethnicity (reference: non-Hispanic White)

0.620 (0.462-0.831)0.610 (0.449-0.831)Hispanic

0.830 (0.596-1.156)0.407 (0.282-0.587)Non-Hispanic Black/African American

1.126 (0.788-1.607)0.977 (0.662-1.442)Non-Hispanic other

Annual household income (reference: <US $20,000)

1.016 (0.640-1.614)1.283 (0.747-2.202)US $20,000-$34,999

1.061 (0.678-1.659)1.039 (0.613-1.760)US $35,000-$49,999

1.058 (0.740-1.512)1.619 (0.968-2.709)US $50,000-$74,999

1.459 (0.932-2.283)1.693 (0.996-2.880)US $75,000-$99,999

1.245 (0.870-1.780)1.469 (0.910-2.369)≥US $100,000

Geographic residence (reference: urban)

1.109 (0.769-1.600)1.012 (0.770-1.331)Rural

Health literacy (reference: high health literacy)

1.230 (0.829-1.824)0.602 (0.374-0.970)Low health literacy

Digital literacy (reference: high digital literacy)

1.873 (1.478-2.374)1.775 (1.400-2.251)Low digital literacy

Numeracy (reference: high numeracy)

1.465 (1.047-2.049)1.030 (0.771-1.376)Low numeracy

aThe probability modeled was odds of high perceived misinformation amount (a lot) in reference to low perceived misinformation amount (none, a
little, or some).
bThe probability modeled was odds of reporting high perceived discernment difficulty (strongly agree or somewhat agree) in reference to low perceived
discernment difficulty (somewhat disagree or strongly disagree).
cItalicized values are statistically significant (P<.05).

Perceived Discernment Difficulty
As shown in Table 1, there were differences in perceived
discernment difficulty by age—adults aged 25 to 34 years, 35
to 44 years, and 55 to 64 years were less likely to report high
discernment difficulty compared to those aged 18 to 24 years,
whereas adults aged 45 to 54 years and those aged ≥65 years
did not differ significantly from the youngest age group.
Hispanic individuals (vs non-Hispanic White individuals; aOR
0.620, 95% CI 0.462-0.831) were less likely to report high

discernment difficulty. Those with lower (vs higher) subjective
digital literacy (aOR 1.873, 95% CI 1.478-2.374) or lower (vs
higher) subjective numeracy (aOR 1.465, 95% CI 1.047-2.049)
were more likely to report high discernment difficulty. The
associations between perceived discernment difficulty and sex,
educational level, income, geographic residence, and health
literacy were not statistically significant.
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Associations Between Social Media Health
Misinformation Perceptions and Communication
Behaviors
After adjusting for sociodemographic characteristics and literacy
measures, individuals who perceived high (vs low) levels of
social media misinformation were less likely to report sharing
general health information on social media (aOR 0.742, 95%
CI 0.568-0.968), using social media information to make health
decisions (aOR 0.273, 95% CI 0.156-0.479), and using social
media information in discussions with health care providers

(aOR 0.460, 95% CI 0.323-0.655). Perceived misinformation
amount was not significantly associated with sharing personal
health information on social media (Table 2).

Individuals with high (vs low) perceived discernment difficulty
were more likely to report using information from social media
to make health decisions (aOR 1.724, 95% CI 1.208-2.460) and
in discussions with health care providers (aOR 1.389, 95% CI
1.035-1.864). Perceived discernment difficulty was not
significantly associated with sharing personal or general health
information on social media.

Table 2. Adjusted odds ratio (aOR) and 95% CI of health information sharing and social media information use by social media health misinformation

perceptionsa.

Using social media informa-
tion in discussions with

health care providerse

(n=4174), aOR (95% CI)

Using social media informa-
tion to make health deci-

sionsd (n=4177), aOR (95%
CI)

Sharing general health

informationc (n=4159),
aOR (95% CI)

Sharing personal health infor-

mationb (n=4136), aOR (95%
CI)

Social media misinformation
perception

0.460 (0.323-0.655)0.273 (0.156-0.479)0.742 (0.568-0.968)g0.803 (0.591-1.092)High perceived misinforma-

tion amountf

1.389 (1.035-1.864)1.724 (1.208-2.460)1.100 (0.878-1.379)1.163 (0.862-1.570)High perceived discernment

difficultyh

aAnalyses were adjusted for age, sex, educational level, race or ethnicity, income, geographic residence, health literacy, digital literacy, and numeracy.
bThe probability modeled was odds of having ever shared personal information on social media (shared almost every day, at least once a week, a few
times a month, or less than once a month in the past 12 months) in reference to having never shared.
cThe probability modeled was odds of having ever shared general information on social media (shared almost every day, at least once a week, a few
times a month, or less than once a month in the past 12 months) in reference to having never shared.
dThe probability modeled was odds of using social media information for making health decisions (strongly agree or somewhat agree) in reference to
not using social media information for making health decisions (strongly disagree or somewhat disagree).
eThe probability modeled was odds of using social media information in discussions with health care providers (strongly agree or somewhat agree) in
reference to not using social media information in discussions with health care providers (strongly disagree or somewhat disagree).
fHigh perceived misinformation amount=thinking that a lot of the health information on social media is false or misleading; low perceived misinformation
amount=thinking that none, a little, or some of the health information on social media is false or misleading.
gItalicized values are statistically significant (P<.05).
hHigh perceived discernment difficulty=strongly or somewhat agreeing that it is hard to tell whether health information on social media is true or false;
low perceived discernment difficulty=strongly or somewhat disagreeing that it is hard to tell whether health information on social media is true or false.

Discussion

Principal Findings
This study examined 2 misinformation-related perceptions
among social media users (perception of the amount of health
misinformation on social media and perceived ability to
distinguish true from false health information on social media)
to better understand the prevalence of these perceptions,
subgroup differences in these perceptions, and how these
perceptions are related to health communication behaviors. The
study found that over one-third of social media users perceived
their information environment to contain “a lot” of misleading
or false content, and two-thirds expressed difficulty discerning
true from false information on social media, with significant
variation in these perceptions by sociodemographic
characteristics and self-reported literacy skills. The analysis
also showed that perceiving a high amount of misinformation
on social media was related to lower information sharing on
social media and lower use of social media information in
discussions with providers and in health decisions, whereas
difficulty distinguishing true from false information was

associated with higher use of social media information in
discussions with providers and health decisions. These results
suggest that understanding misinformation perceptions could
help inform health communication interventions and efforts to
mitigate the impact of web-based misinformation, and that
different approaches may be needed in response to each of these
misinformation perceptions.

A substantial proportion of American social media users
reported that “a lot” of the health information they see on social
media is false or misleading, and this perception varied by race
and ethnicity, as well as subjective measures of literacy.
Non-Hispanic Black/African American and Hispanic individuals
were less likely to say that “a lot” of the health information they
see on social media is false or misleading. Because this analysis
relied on self-report measures, it is not possible to ascertain
whether minority groups are actually less exposed to social
media misinformation (eg, due to the nature of their web-based
networks) or if they are less aware that the information they are
seeing is, in fact, false. However, the reasons behind these
differences in misinformation perceptions and the potential for
these differences to exacerbate health disparities deserve further
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attention given that Black and Hispanic individuals use social
media at higher rates than White individuals [1] and substantial
proportions of individuals in these groups report regularly
obtaining their news from social media platforms [29].
Additional research that attempts to triangulate user perceptions
with the social media content they encounter [30] could help
shed light on the unique impact of objective and subjective
social media experiences.

The analysis also found that individuals with lower digital
literacy were more likely to report that “a lot” of the health
information they see on social media is false or misleading,
whereas those with lower health literacy were less likely to do
so. This may be because individuals who self-report low
confidence in their ability to find helpful resources on the web
are more aware of content quality issues on the internet
(including on social media), whereas reporting low subjective
health literacy (eg, expressing difficulty filling out medical
forms) may not be similarly related to concerns about the online
information environment. In fact, a small study conducted in
Europe found that participants with low health literacy (as
measured using the Newest Vital Sign) had higher scores on
the eHealth Literacy Scale, suggesting that they perceived
themselves to have higher digital literacy than those in the high
health literacy group [31]. The authors hypothesized that this
finding might reflect differences in awareness of the issue of
web-based health information quality between those with high
versus low health literacy as well as differences in knowledge
and use of established information evaluation criteria [31].

This study also revealed that approximately two-thirds of
American social media users find it hard to tell whether health
information on social media is true or false. High levels of
discernment difficulty among the public are concerning. Low
confidence in one’s ability to distinguish true from false
information could result in lower motivation to seek additional
information [19], apathy, and confusion, which could lead to
negative health outcomes not just because people might act on
misinformation but also because they may fail to act on accurate
information or adhere to public health recommendations.
Research suggests that self-efficacy (ie, judgments regarding
how well one can execute a course of action required to deal
with a prospective situation) plays an important role in how
people select and evaluate information in web-based
environments [32]. Individuals with higher self-efficacy may
be better able to make accurate credibility assessments because
they are more motivated to engage in deep cognitive processing
and critical thinking [32], whereas those with lower self-efficacy
may avoid engaging in extensive evaluations of information
credibility, especially in contexts characterized by uncertainty
and ambiguity, as they may not feel that they have a high
likelihood of achieving desirable outcomes and, therefore, may
experience negative affect (eg, anxiety, frustration, and
confusion) in response to these situations [32]. However,
although some research suggests that confidence in one’s ability
to spot misinformation is associated with better performance in
accurately distinguishing false from accurate news [32], the
evidence is somewhat limited, and further research combining
both subjective perceptions of ability and objective measures
of ability is needed in order to investigate the impact of

confidence on the way in which individuals navigate health
information on social media.

Beyond generally high rates of discernment difficulty, this
analysis also identified differences in perceived discernment
ability in certain demographic subgroups. Specifically, adults
aged 25 to 34 years, 35 to 44 years, and 55 to 64 years were
less likely than those in the youngest age group to report
discernment difficulty, and Hispanic individuals reported less
discernment difficulty compared to non-Hispanic White
individuals. Higher confidence in discernment ability among
these groups could be justified (eg, slightly older adults may be
just as technologically savvy as young adults but also have more
experience and therefore may be better equipped to make
accurate credibility assessments); however, it is also possible
that discernment confidence in these groups is misplaced, which
would be a cause for concern as it might mean that individuals
in these groups are less likely to verify information that might
be false (eg, through additional research or by speaking to a
health care provider), potentially putting them at greater risk of
acting on false information. Additional research is needed to
better understand why these groups express higher levels of
confidence in their discernment ability.

In contrast, those with lower digital literacy and those with
lower numeracy were more likely to report high discernment
difficulty. This is perhaps not surprising as research has shown
lack of digital literacy to be associated with lower objective
ability to successfully judge the accuracy of news stories [21],
suggesting that individuals with lower digital literacy may be
aware of their limitations in this area. Therefore, digital literacy
skills as well as health information evaluation abilities may be
important targets for interventions seeking to increase resiliency
against misinformation—particularly among more susceptible
groups.

The results of this analysis also indicated an association between
health misinformation perceptions and distinct behavioral
patterns. For example, individuals who perceived high levels
of misinformation were less likely to share general health
information on social media (perhaps because they are more
aware of the problem and are more hesitant to share information
that could be false), whereas self-reported discernment difficulty
was not similarly associated with sharing behaviors on social
media. This finding is in line with the results of previous
research showing that confidence in one’s ability to identify
factually incorrect information is not significantly associated
with likelihood of sharing misinformation [32,33]. Some studies
suggest that accuracy may not be the most important factor that
people consider when making sharing decisions [34,35], which
may help explain why uncertainty about the veracity of
information does not significantly influence sharing behavior.
Research has shown that interventions that prime individuals
to consider accuracy when making sharing decisions on social
media could be a promising way to mitigate the spread of
misinformation [35], and the results of this analysis suggest that
this strategy deserves further attention.

Additionally, the results of this study showed that individuals
who perceived high levels of misinformation were less likely
to use social media information in making health decisions or
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in discussions with health care providers. It is possible that,
because these individuals perceive high amounts of health
misinformation on social media, they are skeptical of the
information they encounter on these platforms and, therefore,
do not rely on it to inform either their conversations with health
care providers or their health decision-making. In contrast,
individuals who reported difficulty distinguishing between true
and false information on social media were more likely to use
information from these platforms in making health decisions
and in discussions with health care providers, perhaps because
they seek assistance from their health care providers in assessing
the credibility of the information. These findings were somewhat
counterintuitive, and future research exploring how and why
individuals who report high discernment difficulty use the
information they encounter on social media in health-related
decisions and discussions could help provide important insights
that are beyond the scope of this analysis. For example,
exploring whether these individuals are asking for clarification
about social media information in discussions with providers
versus seeking a “second opinion” on social media after
speaking to their clinicians would provide important context to
these findings and could help inform how providers can best
communicate with patients about information obtained from
social media.

Significance
This study offers a unique contribution to our understanding of
social media misinformation by focusing on perceptions of the
issue rather than objective assessments of misinformation
prevalence, exposure, endorsement, or discernment. Assessing
perceptions is important because perception of widespread
misinformation on social media, as well as perceptions of
personal ability to navigate misinformation in web-based spaces,
can affect attitudes and behaviors—over and above the impact
of actual exposure or ability [16]. In fact, individuals who report
high perceived misinformation are likely less susceptible to the
direct effects of misinformation (as individuals who characterize
a claim as “misinformation” are unlikely to accept it or act on
it); however, as demonstrated in this study as well as in previous
work, misinformation perceptions can still shape their responses
and behaviors [16].

Notably, there are limitations to using self-reported measures
of perception—for example, it is impossible to know whether
people’s perceptions are an accurate reflection of “the ground
truth” (ie, whether a lot of the social media information they
are exposed to really is or is not false and whether they are really
capable of discerning the veracity of social media information)
[20]. However, there is still value in assessing these perceptions
to obtain a high-level understanding of the public’s views on
the scope of the problem and the extent to which it affects them
as well as their judgment of their own capacity to cope with the
problem. In the context of political misinformation, individuals
who perceived a lot of exposure to misinformation were more
likely to believe that misinformation is a serious problem that
creates a lot of confusion about the basic facts of current issues
and events and were also more confident in their ability to
identify misinformation [20]. Perceptions of the information
environment can also impact attitudes and behaviors in ways
that are important to health [19]—for example, people may feel

overwhelmed and discouraged from seeking additional
information about a health topic or develop inaccurate risk
perceptions. Additionally, the differences in misinformation
perceptions by demographics and literacy levels identified in
this study are concerning as they threaten to increase disparities
among vulnerable populations. However, while perceptions are
important in and of themselves, future research could benefit
from including both subjective and objective measures of the
information environment to better understand the unique
contribution of each construct and provide a more
comprehensive understanding of how people respond to social
media information.

Nonetheless, the results of this study suggest several practical
measures that could help mitigate the impact of misinformation
on social media. First, they point to specific populations that
may benefit from targeted interventions. For example, those
who perceived “a lot” of misinformation on social media were
less likely to use this information in health decision-making,
suggesting that interventions that raise awareness of information
quality issues on social media could limit the extent to which
individuals rely on questionable information from social media
to make health decisions. These efforts may be especially
impactful among groups who are less likely to report perceiving
high amounts of misinformation on social media (eg,
Black/African American and Hispanic individuals and
individuals with lower health literacy). Additionally, the finding
that those who express high discernment difficulty still use
information from social media to make health decisions suggests
that these individuals should be targeted for training
interventions that can increase their ability to discern
misinformation to (1) ensure that they are relying on accurate
information to make these decisions and (2) increase their
confidence in their ability to navigate the social media
information environment. For example, instructional programs
that train people to recognize misinformation techniques have
been shown to increase their awareness of these tactics as well
as confidence in their ability to successfully deal with
misinformation [36]. Furthermore, increasing confidence in
discernment ability may itself be a viable target for encouraging
careful evaluation of information and increasing resilience to
misinformation. For example, Ferrucci and Hopp [37] found
that a short intervention providing positive verbal persuasion
regarding participants’ ability to identify false information on
social media increased fake news self-efficacy and that higher
self-efficacy beliefs were in turn associated with ability to
correctly classify both credible and “fake” news headlines in
an information accuracy assessment task.

Second, the finding that those who express high discernment
difficulty are more likely to have discussions with health care
providers regarding social media health information suggests
a need for training aimed at providers to support them in
effectively helping patients navigate the information they
encounter on the web (eg, teaching providers how to invite these
conversations, address misinformation with empathy, and
empower patients by recommending accurate sources of
information) [38,39]. Research suggests that providers rarely
initiate conversations about web-based health information
seeking with patients [40,41], but the results of this study
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indicate that asking about patients’perceptions and use of social
media health information could be helpful to incorporate into
patient-provider conversations.

Although this study looks at individual-level perceptions and
has implications for individual-level interventions (eg, increasing
digital literacy), the onus should not be solely on individuals
(or providers) to address the problem of social media
misinformation. Social media platforms could take steps to
decrease the amount of misinformation that users are exposed
to in the first place and make it easier for them to discern true
from false information (eg, through the use of fact-checking
labels and account verification). However, in the absence of
these types of more systematic changes in the social media
environment, individuals will likely be left to navigate the
increasingly confusing information landscape on their own and
will need to be supported in their efforts, for example, through
campaigns to raise awareness of the issue (particularly among
vulnerable populations), training on information evaluation
strategies and common misinformation techniques, and
encouragement to discuss social media health information with
providers and others with relevant expertise. These interventions
can be deployed in both web-based and offline contexts (eg,
through video advertisements on social media platforms [42]
or through educational services delivered in health care settings
[43]).

Limitations
This study has several limitations. First, the cross-sectional
nature of HINTS data precludes causal inferences from being
drawn about observed relationships between variables. Second,
the misinformation measures included in this analysis are
subjective perception items. As such, there is no way to
determine the objective truth about a respondent’s actual
misinformation exposure or their ability to differentiate true
from false information. However, even if they do not reflect
objective reality, perceptions are valuable to assess because
they enable a better understanding of the public’s views on the
scope of the misinformation problem and their capacity to cope
with it and can help shed light on the way in which perceptions
of the information environment shape health-related attitudes
and behaviors. Third, the lack of information on certain aspects
of respondents’ social media experiences and behaviors (eg, the
specific platforms they use) is a limitation of this analysis—and
reflects a disadvantage of using a national health communication
survey that includes only a limited number of items regarding

social media use due to space constraints. Finally, the response
rate for HINTS 6 (28.1%) was relatively low, which may
introduce bias into the data [44]. However, methodological
research suggests that the impact of low response rates on data
quality may be less significant than previously assumed [44].
Despite these limitations, this analysis provides an important
contribution to the broader health misinformation literature as
there has been limited research to date focusing on perceptions
of misinformation, particularly outside the context of
COVID-19.

Conclusions
Many social media users in the United States perceive high
levels of misinformation on social media and report difficulty
discerning true from false information. This is concerning
because perceptions of high misinformation prevalence could
increase negative affect (eg, anxiety and worry) regarding health
issues, whereas low discernment confidence could result in
apathy, confusion, and lower motivation to seek additional
information. The fact that health misinformation perceptions
were found to vary across race, ethnicity, age, and literacy levels
may suggest a need to raise awareness about misinformation
and provide training for certain populations (eg, those with low
health literacy) to ensure that they approach the information
environment with sufficient skepticism and are better able to
verify the health claims they see on social media. Finally, the
associations between misinformation perceptions and social
media–related communication behaviors found in this study
can help inform future research as well as health communication
interventions and misinformation mitigation efforts. For
example, the finding that individuals who have low confidence
in their discernment ability are more likely to use social media
information to make health decisions and in discussions with
health care providers suggests that they may benefit from
providers assisting them in navigating and verifying web-based
information.

Although a growing body of literature focusing on social media
misinformation has emerged in recent years, to date, very little
work has been done to look at subjective assessments of the
problem of misinformation. This study provides initial insights
into the prevalence, disparities, and potential impact of social
media misinformation perceptions. However, more research is
needed to understand how perceptions of misinformation affect
the public’s health-related cognitions, attitudes, communication
behaviors, and outcomes.
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Abstract

Background: The COVID-19 pandemic has had a significant impact on different countries because of which various health
and safety measures were implemented, with digital media playing a pivotal role. However, digital media also pose significant
concerns such as misinformation and lack of direction.

Objective: We aimed to explore the effects of COVID-19–related infodemics through digital, social, and electronic media on
the vaccine-related attitudes of caregivers and health care providers in Pakistan.

Methods: This study employs a qualitative exploratory study design with purposive sampling strategies, and it was conducted
at 3 primary health care facilities in the province of Sindh, Pakistan. Seven focus group discussions with health care providers
and 60 in-depth interviews with caregivers were conducted using semistructured interviews through virtual platforms
(ConnectOnCall and Zoom). Transcripts were analyzed through thematic analysis.

Results: Our study reveals the pivotal role of electronic media, mobile health (mHealth), and social media during the COVID-19
pandemic. Four major themes were identified: (1) sources of information on COVID-19 and its vaccination, (2) electronic media
value and misleading communication, (3) mHealth leveraging and limitations during COVID-19, and (4) social media influence
and barriers during COVID-19. Health care providers and caregivers reported that the common sources of information were
electronic media and mHealth, followed by social media. Some participants also used global media for more reliable information
related to COVID-19. mHealth solutions such as public awareness messages, videos, call ringtones, and helplines promoted
COVID-19 prevention techniques and vaccine registration. However, the overwhelming influx of news and sociobehavioral
narratives, including misinformation/disinformation through social media such as WhatsApp, Facebook, and Twitter, were found
to be the primary enablers of vaccine-related infodemics. Electronic media and mHealth were utilized more widely to promote
information and communication on the COVID-19 pandemic and vaccination. However, social media and electronic media–driven
infodemics were identified as the major factors for misinformation related to COVID-19 and vaccine hesitancy. Further, we found
a digital divide between the urban and rural populations, with the use of electronic media in rural settings and social media in
urban settings.

Conclusions: In a resource-constrained setting like Pakistan, the usage of mHealth, social media, and electronic media for
information spread (both factual and mis/disinformation) related to COVID-19 and its vaccination had a significant impact on

JMIR Infodemiology 2024 | vol. 4 | e49366 | p.228https://infodemiology.jmir.org/2024/1/e49366
(page number not for citation purposes)

Kazi et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

mailto:momin.kazi@aku.edu
http://www.w3.org/Style/XSL
http://www.renderx.com/


attitudes toward COVID-19 vaccination. Based on the qualitative findings, we generated a model of digital communications and
information dissemination to increase knowledge about COVID-19 and its prevention measures, including vaccination, which
can be replicated in similar settings for other disease burdens and related infodemics. Further, to mitigate the infodemics, both
digital and nondigital interventions are needed at a larger scale.

(JMIR Infodemiology 2024;4:e49366)   doi:10.2196/49366

KEYWORDS

infodemics; mHealth; social media; electronic media; Pakistan; vaccination; misinformation; infodemiology; mobile phone

Introduction

The COVID-19 pandemic has had a deleterious impact on health
care systems, economies, and societies globally [1]. This impact
has been exacerbated by the resulting COVID-19 infodemic or
accompaniment of too much information, including false or
misleading information, also occurring in this new digital age
of information sharing. With more than 3 billion digital media
users globally, digital media has become the key source of
information and communication, particularly during a crisis,
creating a digital pandemic of information disseminated in
multiple forms, regardless of the legitimacy of the sources [2-4].
The downstream effects are confusion, low COVID-19 vaccine
confidence, vaccination refusal, and other poorly informed
health behavior–related decision-making [5,6]. The most severe
consequences are evident in low- and middle-income countries
(LMICs) and among marginalized communities [7], where trust
in and exposure to official health information sources are
comparatively low [8] and there are low health literacy levels,
poor health care infrastructure, and less resources [9].

Amid experienced disruptions to health care associated with
the COVID-19 pandemic and infodemic, an opportunity also
arose. With the advancement of information and technology,
digital health played a critical role in COVID-19 response,
advocacy, and mobilization [10]. Specifically, digital media
assisted in disseminating correct information through mobile
health (mHealth)—mobile wireless technologies for public
health. These innovations are an integral part of eHealth, which
include the cost-effective and secure use of information and
communication technologies in support of health and
health-related fields, social media–promoted public health
initiatives, and electronic media–raised awareness, and these
encouraged preventative measures (eg, hand hygiene, vaccine
uptake) [11].

During the COVID-19 pandemic, many countries developed
mHealth apps to assist with the identification of prevalent
symptoms for self-assessment, implementing contact tracing,
disseminating information, minimizing exposure, and reducing
face-to-face interaction between patients and health workers
[12]. A WhatsApp chatbot app in South Africa used machine
learning technology to provide free, automated responses to
user queries on COVID-19, relating to travel advice, recent
statistics, symptoms, and debunking of myths and
misinformation [13]. Facebook groups were utilized by most
health care professionals during the pandemic to discuss and
integrate real-time experiences in COVID-19 treatment [14].
Data visualization dashboards enabled data-driven infographics
representing global-to-local pandemic-related statistics, which

allowed for the public and researchers to comprehend and track
the pandemic in real time [15]. Additionally, social media
channels were used to inform citizens about pandemic-related
government response efforts and updates such as the national
WhatsApp channel established in Singapore during the
COVID-19 surge [16].

Based on the described initiatives above during the COVID-19
pandemic, we have developed a comprehensive framework
highlighting the key roles of various digital platforms. This
framework highlights how digital tools played diverse and
complementary roles in pandemic management—from
disseminating information and assessing symptoms to real-time
data tracking and communication. These tools were pivotal in
proactive intervention, personalized guidance, knowledge
exchange among experts, data-driven decision-making, and
fostering community resilience through amplified public health
messaging and grassroots initiatives (Figure 1).

Pakistan has faced challenges related to vaccine hesitancy and
low vaccine acceptance in the past. Pakistan has a history of
vaccine-preventable disease outbreaks due to various factors,
including misinformation, cultural beliefs, lack of awareness,
and mistrust in vaccines. One notable example is the polio
eradication efforts in Pakistan. Despite considerable progress
made globally, Pakistan has remained one of the few countries
where polio cases continue to be reported [17]. Further, Pakistan
has diverse cultural and linguistic backgrounds, where different
regions may have unique sociodemographic factors that
influence vaccine acceptance and hesitancy [18]. Moreover, the
COVID-19 pandemic has brought about new challenges and
concerns regarding vaccine acceptance globally. It is essential
to examine the role of digital media and mHealth interventions
in vaccine acceptance, as uptake differs across regions in
Pakistan. Factors such as regional beliefs, levels of trust in
digital media sources, and access to health care information
may vary, leading to different outcomes in vaccine-related
decision-making. By exploring these regional differences, we
can provide valuable insights into the role of digital health
interventions in addressing vaccine hesitancy in diverse settings.
It is vital that these digital health interventions continue to be
developed to harness social media for the public good and to
increase trust in vaccines and vaccination, especially within
LMICs like Pakistan. Thus, we explored the effects of mHealth,
social media (eg, Facebook, Twitter, Instagram), and electronic
media (ie, television and radio) during the COVID-19 pandemic
and its association with COVID-19 vaccination and childhood
routine immunization acceptance and uptake among parents
and child caregivers and health care providers (HCPs) in a
resource-constrained setting like Pakistan.
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Figure 1. Effects of mobile health, social media, and electronic media during the COVID-19 pandemic. mHealth: mobile health.

Methods

Study Design, Setting, and Population
This exploratory qualitative research was employed to assess
the role of infodemics through mHealth, electronic media, and
social media in Pakistan to explore the unique experiences and
insights of populations, which may be overlooked in quantitative
studies [19,20]. This study was implemented between May 2020
and August 2021 at 3 sites in Pakistan: the periurban Aga Khan
University (AKU) Health Demographic Surveillance System
at primary health care centers of Ali Akbar Shah Goth and
Bhains Colony, the rural Sindhi district of Matiari, and the
community health center (CHC) vaccination clinic at the AKU
hospital in urban Karachi. The 3 selected sites in Pakistan were
chosen to represent diverse populations and to capture unique
socioeconomic and cultural factors influencing vaccine

acceptance and hesitancy. The vaccination center at the
periurban sites targeted low-to-middle and low-income
populations. The rural area represented a low-income population,
and the vaccination center at AKU hospital (urban site)
represented both high-income and low-to-middle-income
populations. This approach ensured a comprehensive
understanding of vaccination behaviors by assessing the role
and impact of mHealth, social media, and electronic media on
vaccine-related attitudes and behaviors across different
socioeconomic contexts. Focus group discussions (FGDs) were
implemented among health care workers (doctors, nurses,
pharmacists, lady health visitors, vaccinators, lady health
workers, and community health workers) in Karachi and Matiari
who worked in selected centers, and in-depth interviews (IDIs)
were conducted with parents/caregivers of children aged <1
year. Figure 2 shows the flowchart of participant recruitment.
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Figure 2. Flowchart depicting participant enrollment.

Ethics Approval
Ethics approval for this study was obtained from the ethics
review committee of AKU (2020-5316-14620).

Inclusion Criteria and Sampling Approach
We used purposive sampling for recruiting HCPs, and
convenient sampling was performed for parent selection. Parents
or child caregivers were eligible for IDIs if (1) they had at least
one child younger than 1 year and (2) their telephonic contact
number was listed in either the registry maintained by the AKU
hospital and its associated centers at the study sites or provided
by community health workers affiliated with the study sites.
The IDI was conducted with 1 caregiver at a time. HCPs such
as doctors, nurses, pharmacists, lady health visitors, vaccinators,
and community health workers at each of the 3 study sites were
eligible as FGD participants; 6-8 participants were included in
the FGDs. The parents/caregivers and HCPs who did not provide
consent were excluded from this study.

Study Framework and Tool
Semistructured qualitative interview guides were developed for
both IDI and FGD data collection in English and local Urdu
language with the help of a literature review [21-23]. The main
topics discussed were access to electronic and social media
among diverse populations, barriers and perceived challenges,
caregivers/parental concerns about vaccine safety, understanding
of content available on digital media, and word-of-mouth
communication within the community. Moreover, HCPs were
more focused on factors associated with COVID-19 fear and
dis/misinformation in the data, which may lead to vaccine
hesitancy. We used the process defined in Figure 2 to gather
data.

Data Collection and Management
A team of researchers from AKU designed and piloted the
research tools and trained qualitative research staff for
conducting FGDs and IDIs. Due to the ongoing pandemic, all
data collection was conducted remotely as per COVID-19

standard operating procedures (SOPs). Seven FGDs with HCPs
and 60 IDIs with caregivers were conducted using
semistructured interviews through virtual platforms
(ConnectOnCall and Zoom) till the point of saturation. Two
alternative methods were employed to acquire data: IDIs of
40-60 minutes were conducted telephonically, while FGDs of
60-90 minutes with HCPs were conducted using the Zoom
videoconferencing platform. After obtaining verbal informed
consent for participation, the respondents affiliated with all 3
study sites were given an overview of the study objectives, and
parents/caregivers were provided training or guidance on how
to attend virtual interviews on phone, which was helpful for
individuals who were not tech-savvy or had limited experience
with virtual communication. HCPs were debriefed about the
Zoom platform and its related features to avoid any hindrance
while interviews were being conducted. Data were recorded on
the phone and a Zoom password-protected device.

Data Analysis
Thematic analyses were adopted as part of the qualitative study.
Each audio recorded Sindhi and Urdu-spoken IDIs, and FGDs
were transcribed and translated to English. The English
transcripts were then assessed and coded separately and
connected to text fragments that reflected crucial user
perspectives. The data were subsequently organized into
thematic categories by looking for topics and then reviewed,
defined, and named. We ensured trustworthiness of the data
analysis by using Lincoln and Guba guidelines [24] to reduce
researcher bias. Further, all discrepancies were resolved after
team discussion; codes were finalized to generate the major
themes emerging through FGDs and IDIs. The team then
contrasted the themes before more targeted coding, focusing on
ideas linked to mHealth, social media, and electronic media.

Results

COVID-19–Related Infodemics
The key findings with regard to the COVID-19–related
infodemic are listed in Table 1.
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Table 1. COVID-19–related infodemic.

Key findingsSubtheme

Electronic media infodemic • Overselling of news
• Both factual and false information
• Fabricated news of COVID-19 and vaccination
• Influence of negative political narratives
• Anxiety due to exaggerated breaking news

Social media infodemic • Negative impact of videos (burial of dead due to COVID-19)
• Overhype of content, creating fear of contracting infection
• Sharing of conflicting posts (audios and videos)
• False information through nonmedical professionals
• Myths about adverse effects of COVID-19 vaccine: brain damage, infertility, and death

Mobile health infodemic • Lack of pandemic-related information in rural populations
• Limited access to mobile phone
• Parents were unable to understand information about COVID-19 information through ringtones
• Reluctant about sharing personal identification number required for vaccination registration

Access to Information Through Print, Electronic, and
Digital Media
HCPs and caregivers shared that COVID-19–related information
was commonly disseminated through print media, mHealth,
and social and electronic media. The HCPs of the urban site
reflected their beliefs about the use of the medium as authentic,
as mobile phones (WhatsApp) were easily accessible and
conveniently used. Moreover, HCPs also used Facebook to
access information from the official pages of World Health
Organization, Centers for Disease Control, and other
international websites. Although a few caregivers also used
international media for more reliable information related to
COVID-19, caregivers in rural areas showed concern about the
lack of media access and limited services on mobile networks.

…I get credible information from Google. We also
access COVID-related information from Facebook
pages of WHO, CDC and other international health
organizations and they (HCPs) received official
updated information through WhatsApp by senior
management. [FGD, HCP from Karachi]

…Women do not own mobile phones. Usually, they
are used by males in our community. [FGD, HCP
from Matiari]

…COVID-19–related SMS is important in those areas
where there are not many ways of information like
small cities and villages, where there is no internet
available. [IDI, parent/caregiver from CHC]

mHealth: Perceived mHealth Solution Usefulness and
Challenges During COVID-19
During the pandemic, SMS text message–based mobile
interventions were used to promote COVID-19 prevention
techniques and register the general population for COVID-19
vaccination at both urban and rural sites. These messages tried
to influence public behaviors such as SOPs related to COVID-19
prevention, follow-up appointments, and immunization
advantages. Caregivers endorsed these government services.
Caregivers shared that they received messages for the
registration for COVID-19 vaccination of people older than 60

years. HCPs stated that conducting vaccination registration with
national identity card numbers was a good initiative and felt an
automated system that shared reminder messages would help
reduce the defaulters.

…Public service-SMS are beneficial in spreading
awareness about COVID-19 pandemic, SOPs, and
getting vaccinated against COVID-19. [FGD, HCP
from Matiari]

…The public service-SMS is about COVID-19 vaccine
registration, if your age is above 60 then you can get
your vaccines, for registration send your CNIC
number to 1166. [IDI, parent/caregiver from CHC]

Urban caregivers were suspicious whenever the national identity
card number was asked for vaccination or other treatments, as
a circulating rumor via Twitter stated that these local data were
being gathered for use by foreign agencies such as the United
States or China.

…They ask for your NIC number when you go to
get your COVID-19 test done. There were such
gossips making rounds that your data will be sold to
China or USA or on Twitter, like China and USA will
control the world. [IDI, parent/caregiver from CHC]

Social Media

Community Access to Social Media and Information
HCPs perceived that social media, including WhatsApp,
YouTube, and Facebook, were used as a positive channel for
circulating updated information during the COVID-19 pandemic.
However, they also shared that vaccine hesitancy increased
among the general population because of the social media
infodemic. Caregivers in urban areas reported using social media
such as Facebook and the internet to learn about COVID-19
prevalence and news updates, but those in rural areas reported
that they never used social media.

…Social media (Facebook, WhatsApp, Instagram,
YouTube) is the first source of information about
COVID. [FGD, HCP from CHC Karachi]
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Conflicting News Related to COVID-19 and Its Spread
Through Social Media
Caregivers shared that the news circulating via social media
were largely negative and fabricated, creating fear among the
general population in both settings. Participants felt social media
was full of opinionated people who deliberately post to impose
their personal beliefs on the public.

…Things shared on social media are completely
meaningless. Everyone became a doctor and began
to demonstrate their competence. Social media is rife
with stories about people becoming unwell after
receiving their first dose of vaccination. People are
skeptical of the COVID-19 vaccine. [IDI,
parent/caregiver from Matiari]

…We get awareness through these messages, but
sometimes rumors are being spread through social
media posts, so we need to check the information
being shared and look at its sources and determine
if the messages are credible and true or false [FGD,
HCP from Karachi]

COVID-19 Pandemic and Vaccine Rumors Spread
Through Social Media
According to these caregivers, the news about vaccine-related
adverse events were shared by trusted community members
such as friends and relatives on platforms such as WhatsApp
and Facebook. This information spread quickly, leading to
skepticism about the safety and efficacy of COVID-19 vaccines.
A few caregivers reported that the news on social media shared
that COVID-19 immunizations caused brain stroke/clotting and
that this news led to vaccine hesitancy.

…People got hesitant to receive the COVID-19
vaccination after reading on social media that it
causes brain coagulation. [IDI, parent/caregiver from
CHC]

…Then there were rumors that so many people died
or got infected after getting the vaccine. [FGD, HCP
from Matiari]

One of the significant challenges regarding news was the
uncertainty of the delivery of accurate information and its
understanding among the population. Caregivers shared multiple
rumors regarding COVID-19 immunization such as it caused
infertility in unmarried people and congenital malformations
in children of vaccinated pregnant women and increased
mortality rate among vaccinated people.

…After getting COVID-19 vaccine, you might become
infertile and unable to conceive. There were rumors
that many people died or got infected after COVID-19
vaccine. [FGD, HCP from Matiari]

Electronic Media

Role of Electronic Media Platforms During the
COVID-19 Pandemic
Electronic media was the main source of information for the
rural population. The caregivers reported that electronic media
had a significant impact on communities and that international

media such as the British Broadcasting Corporation (BBC)
never fabricated information as compared to the other national
news channels. Further, COVID-19 news about morbidity and
mortality was telecast as a sensational issue. According to HCPs,
there were many erroneous calls and SMS text messages with
incorrect information circulating among the caregivers.
Nonetheless, the information was validated by HCPs before
passing it to others. Further, they double-checked every news
item from official sources before sending it to others.

…In my opinion, news that is broadcasted on BBC is
not fabricated. So, media should encourage more
programs and talk shows on COVID-19 prevention
and its vaccination rather than sensational news on
morbidities and mortalities. [IDI, parent/caregiver
from CHC]

…Public service messages are important in creating
awareness about COVID-19 pandemic only if they
are sent from a relevant source like official
government websites or numbers, then you know that
this is a credible bit of information. [FGD, HCPs from
CHC Karachi]

COVID-19 Vaccine Hesitancy and Misleading
Information Spread Through Electronic Media
HCPs expressed that sometimes nonmedical personalities shared
their opinions on the news, which confused the population and
negatively influenced other individuals’ vaccination behavior.
One of the caregivers in the urban site expressed that he felt
worried and stressed after receiving COVID-19–related news.
The rural population expressed comparable concerns about
news-related anxiety. Caregivers believed that both positive
and negative news broadcasted on television and other media
influenced the population’s mental health.

…I heard Provincial Government’s statement on
television that if you want to get this vaccine then get
it at your own risk. If government officials continue
to talk like this, it will create a negative impact
regarding vaccines in the minds of the people.
Educational people will also have uncertainties and
concerns because of it. [FGD, HCP from Matiari]

Discussion

Principal Findings
The COVID-19 pandemic has had both health and societal
implications, which were not comparable to any recent event
in global history. Social distancing during COVID-19 had a
great impact, which led to an increase in the widespread use of
digital platforms for acquiring the latest updates and
COVID-19–related communication. Our qualitative study
highlights many critical issues based on the usage of mHealth
and social and electronic media related to the COVID-19
pandemic and vaccine coverage. The primary findings of our
study indicate that according to HCPs and caregivers, electronic
media and mHealth were used more broadly to promote
COVID-19 pandemic-related information and communication.
However, the social and electronic media–driven infodemics
and urban-rural divide posed major obstacles. Further, digital
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media not only enabled individuals to quickly access and share
information on disease spread and emerging health policy
changes but also provided access to resources, community
engagement, and misinformation.

Our study shows electronic media as the most effective tool for
communicating health-related messages such as awareness of
COVID-19 SOPs and vaccination to reduce the general
population’s fear of acquiring infection. Electronic media
provided the most reliable information related to the pandemic
and hence became the most dependable medium to receive
information, especially for the rural population. Electronic media
was the primary source for filling the information gap among
the general populations in Pakistan. However, there was an
element of misinformation and disinformation in the news
broadcasts related to the COVID-19 pandemic, which created
confusion and misled the general population. This finding was
similar to findings in Korea [25], wherein using electronic media
to access vaccine-related information had a positive impact on
the population’s vaccination-related decision-making as well
as higher perceived benefits of the COVID-19 vaccine and
greater trust in the government to address vaccine hesitancy.
Further, an Italian study highlighted the importance of health
information transmitted to raise awareness among individuals
through radio, television, and journalistic communications [26].
However, despite motivating the population to reduce their fear
and stress related to the COVID-19 pandemic, television
broadcasts commonly used complicated language, technical
jargon, and disseminated debates, thereby creating more
confusion about the situation [27].

Our study explores the usefulness of mHealth as a
communication media to disseminate information and support
the population and HCPs during the pandemic. Participants in
our study reported that mHealth strategies such as ringtone
messages disseminated COVID-related awareness and
preventive strategies and were actively used as a communication
medium about public health awareness messages during different
phases of the pandemic in the overall population. Most people
could understand the ringtone because it was played in local
languages. A similar strategy has been recommended to replace
entertainment and religious ringtones with health promotion,
particularly for LMICs [28]. Our findings also revealed that
HCPs approached the COVID-19 dashboard and national and
international resources for credible sources of information,
which motivated them to deliver services and enabled
vaccination uptake. SMS text messaging also played a critical
role in the web-based registration for the COVID-19 vaccine.
Moreover, reminders were automatically forwarded to the
general population for missing doses of COVID-19 vaccine.
Another study revealed that sending SMS text messages, emails,
and postal messages enhanced influenza vaccination
appointments [29]. According to our study participants, SMS
text message–based vaccine registration was significantly
accepted by the population and could potentially be further
expanded to other adult and child vaccinations in Pakistan and
other LMICs.

During the pandemic, the role of social media was widespread
in providing information about COVID-19 and its vaccines
through Facebook, Twitter, and WhatsApp. However, social

media also propagated misinformation and disinformation
related to COVID-19, hence introducing the phenomena of
infodemics. In Pakistan, WhatsApp was widely used for
disseminating pandemic-related information. Similarly, a study
conducted in the United Arab Emirates reported WhatsApp as
being mostly used to acquire COVID-19–related information
[30].

We found that social media news and its content contributed to
increasing COVID-19–related anxiety and stress among the
population, as stated by HCPs. In our study, political tweets
received more engagement, as leaders’ tweets had an enormous
influence on the public, creating confusion and misconception.
Another study showed that leaders’ tweets had higher
interactions in high-income nations like the United Kingdom
as well, and the leader’s tweets had a stronger impact on the
general population, creating misinterpretation, which ultimately
impacted vaccine uptake [31].

During the pandemic, information regarding vaccine adverse
effects and misinformation was circulating on television and
social media, adding fear and uncertainty among the population,
and leading to a decline in vaccine acceptance. Our study
participants also reported infertility, brain stroke, and
death-related misinformation related to COVID-19 vaccines.
Our findings are consistent with those of a US-based study,
which reported similar misinformation falsely correlating
COVID-19 vaccination with infertility and population growth
control, electronic tattooing or microchipping individuals for
global surveillance, and autism, which resulted in low vaccine
uptake by the general population overall [32]. Thus, our HCP
participants emphasized that lack of news verification and
monitoring and incorrect information dissemination resulted in
confusion and vaccine hesitancy among caregivers. This
qualitative study provides insights that lack of technological
literacy in the rural population was a hindrance in adopting
mHealth interventions in the rural setting. Our study participants
were not aware of or did not report about the official COVID-19
Government of Pakistan website. Besides that, the rural
population, especially women, did not own personal mobile
phones and were unfamiliar with its usage due to lack of
technological literacy. However, in a rural setting in India, where
the literacy rate of women was 40.35%, nearly 85% of the rural
illiterate women were found to be using a mobile phone without
necessarily owning it. It was their quickest means of
communication and receiving information [33].

The digital pathway model that we conceptualized is based on
national policy interventions (SMS text message–based
interventions, caller tunes, vaccine registration through SMS
text messages) and the responses of our research participants,
which enabled them to communicate and disseminate
information during the COVID-19 pandemic and assisted them
in the fight against pandemic-related infodemics (Figure 3). We
have discussed the diversity of mHealth interventions and their
usage along this pathway. This framework is required to
understand how digital methods might be integrated into
COVID-19 control efforts and to aid in future pandemic
preparedness (Textbox 1).
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We examined platforms commonly used in misinformation
campaigns in our settings, such as mHealth and social and
electronic media. The flowchart’s development revealed a
critical insight into how different media play distinct roles in
supporting the spread of misinformation via different paths.

Our model has crucial information for policy makers who want
to combat the phenomena of infodemics and the digital divide.
Policy makers at the government level across the world need
to strategize social and legal regulatory frameworks to curb the
spread of misinformation and disinformation in digital media.

Figure 3. Infodemic pathway of digital media. mHealth: mobile health; UNICEF: United Nations International Children's Emergency Fund; WHO:
World Health Organization.

JMIR Infodemiology 2024 | vol. 4 | e49366 | p.235https://infodemiology.jmir.org/2024/1/e49366
(page number not for citation purposes)

Kazi et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Textbox 1. Digital methods that were integrated into COVID-19 control efforts and that can aid in future pandemic preparedness.

• Electronic media provided coverage to the overall population through advertisements, news, and broadcasts, minimizing the digital communication
gap between the urban and rural populations.

• Mobile health–based initiatives such as SMS text messages, calls, helplines, and caller ringtones were the sources of public awareness and
information, which were enhanced using local languages. Other external media such as World Health Organization websites and news channels
were used as reliable resources.

• Social media enabled wide access to information, particularly in the urban population, and dissemination of misinformation and disinformation
about vaccines and pandemics.

• Electronic media, mobile health, and social media were the major modes of communication and dissemination during the pandemic, which
promoted COVID-related standard operating procedures and vaccine acceptance. However, these same media also became the source of infodemics,
leading to misguided information and vaccine hesitancy.

Study Limitations
Our results were based on participants visiting primary health
care centers operated by private health entities with limited
opening hours, staffing, and financial resources, constituting a
significant study limitation. Further, the findings related to
COVID-19 vaccine hesitancy cannot be generalized to other
groups with different social and cultural backgrounds of other
provinces. Thus, quantitative research is required to mitigate
infodemics in larger populations.

Implications and Recommendations
The COVID-19 pandemic has necessitated the use of digital
platforms for communication and information dissemination,
with electronic media, mHealth, and social media playing crucial
roles. Electronic media emerged as an effective tool for
promoting COVID-19–related information and reducing fear
among the general population. However, it also became a source
of confusion causing mis/disinformation. Further, to improve
public health interventions, precise and accurate information
that pertains to World Health Organization or Centers for
Disease Control guidelines should be allowed to be aired on
televisions and media so that they can function as a bridge for
people to connect with health officials and local governments
for assistance, and collaborations between government and
media outlets can establish guidelines for responsible reporting
[34]. mHealth strategies such as SMS text message notifications,
ringtone messages, and mobile apps proved useful in raising
public awareness, especially in rural areas. Policy makers should
invest in user-friendly mHealth platforms to ensure that timely
and accurate information reaches individuals, particularly in
low-income settings. Lastly, social media platforms also played
a pivotal role in providing pandemic-related information, which
was not previously seen on that scale, but they unfortunately
also contributed toward infodemics. Regulatory bodies should
develop frameworks to mitigate misinformation on social media,
including collaboration with social media companies, monitoring
mechanisms, and awareness campaigns. These frameworks

should include collaboration with platforms for fact-checking
and prioritizing authoritative sources, real-time monitoring using
artificial intelligence, public awareness campaigns promoting
critical thinking, and regulatory oversight ensuring transparency
and accountability [35]. Addressing the challenges posed by
infodemics and the digital divide requires enhancing information
verification, promoting digital media literacy in rural areas, and
strengthening public health communication through partnerships
with influencers and HCPs. By implementing these strategies,
policy makers can improve information dissemination, mitigate
misinformation, and enhance future pandemic preparedness
efforts.

Conclusion
This study proposes the implementation of a communication
pathway focused on diseases and pandemics to be integrated
into a national digital policy in resource-constraint setups,
including Pakistan. This would enhance the country’s readiness
to respond to health crises and boost public awareness and
comprehension of these matters. Although digital media
emerged as the primary source of information during the
pandemic, it also contributed to misinformation and
disinformation, causing infodemics. It is therefore essential to
comprehend the sources and content of information within each
digital medium element that triggers infodemics. LMICs are
more vulnerable to infodemics because they have limited access,
awareness, and lower literacy levels to comprehend and evaluate
health-related information. Our research findings further
revealed a digital divide between urban and rural populations,
resulting in digital inequalities. To address these challenges,
both digital and nondigital solutions must play a vital role.
Moreover, credible information must be widely disseminated
from trustworthy sources, verified by subject matter experts,
and tailored to fit the local context. Lastly, training programs
on the usage of digital media, dissemination strategies, and
information reliability need to be conducted, particularly for
HCPs and different settings, especially to reach rural
communities.
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Abstract

Background: TikTok is one of the most-used and fastest-growing social media platforms in the world, and recent reports
indicate that it has become an increasingly popular source of news and information in the United States. These trends have
important implications for public health because an abundance of health information exists on the platform. Women are among
the largest group of TikTok users in the United States and may be especially affected by the dissemination of health information
on TikTok. Prior research has shown that women are not only more likely to look for information on the internet but are also
more likely to have their health-related behaviors and perceptions affected by their involvement with social media.

Objective: We conducted a survey of young women in the United States to better understand their use of TikTok for health
information as well as their perceptions of TikTok’s health information and health communication sources.

Methods: A web-based survey of US women aged 18 to 29 years (N=1172) was conducted in April-May 2023. The sample
was recruited from a Qualtrics research panel and 2 public universities in the United States.

Results: The results indicate that the majority of young women in the United States who have used TikTok have obtained health
information from the platform either intentionally (672/1026, 65.5%) or unintentionally (948/1026, 92.4%). Age (959/1026,
93.47%; r=0.30; P<.001), education (959/1026, 93.47%; ρ=0.10; P=.001), and TikTok intensity (ie, participants’ emotional
connectedness to TikTok and TikTok’s integration into their daily lives; 959/1026, 93.47%; r=0.32; P<.001) were positively
correlated with overall credibility perceptions of the health information. Nearly the entire sample reported that they think that
misinformation is prevalent on TikTok to at least some extent (1007/1026, 98.15%), but a third-person effect was found because
the young women reported that they believe that other people are more susceptible to health misinformation on TikTok than they
personally are (t1025=21.16; P<.001). Both health professionals and general users were common sources of health information
on TikTok: 93.08% (955/1026) of the participants indicated that they had obtained health information from a health professional,
and 93.86% (963/1026) indicated that they had obtained health information from a general user. The respondents showed greater
preference for health information from health professionals (vs general users; t1025=23.75; P<.001); the respondents also reported
obtaining health information from health professionals more often than from general users (t1025=8.13; P<.001), and they were
more likely to act on health information from health professionals (vs general users; t1025=12.74; P<.001).

Conclusions: The findings suggest that health professionals and health communication scholars need to proactively consider
using TikTok as a platform for disseminating health information to young women because young women are obtaining health
information from TikTok and prefer information from health professionals.

(JMIR Infodemiology 2024;4:e54663)   doi:10.2196/54663

KEYWORDS

credibility perceptions; health information; health misinformation; information seeking; misinformation perceptions; public
health; social media; strategic communication; third-person effect; TikTok
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Introduction

Background
As one of the most-used and fastest-growing social media
platforms in the world, TikTok has drastically changed
American culture [1,2]. The social media platform, which allows
users to create and watch short-form videos ranging in length
from 15 seconds to 10 minutes, has >150 million active users
in the United States and is expected to reach 955 million users
worldwide by 2025 [3,4]. This rapid popularity has caught the
attention of health communication scholars and practitioners
because the platform is a vehicle for finding and disseminating
information, including health-related content [5,6]. According
to the Pew Research Center, the number of adults in the United
States who regularly get news from TikTok has more than
tripled (from 3% in 2020 to 10% in 2022). Adults aged <30
years are the most likely group, with a third (32%) of adults
aged 18 to 29 years saying that they regularly get their news
from TikTok [7].

Americans turned to the internet to find health information
during the COVID-19 pandemic, and medical professionals and
health institutions met them on TikTok, delivering
pandemic-related information and recommendations [5]. The
presence of health-related content has extended beyond
COVID-19–related information and includes a wide range of
health topics such as cervical cancer screening, chronic
pulmonary obstructive disease, diabetes, mental health, and
more [8-11]. Studies examining the engagement with this
content [10,11] suggest that users like finding health information
on the platform. A recent survey of 2000 Americans conducted
by the prescription savings company CharityRx found that 1 in
5 Americans turns to TikTok for advice before going to their
physician. Of the participants belonging to Generation Z,
specifically, 1 in 3 reported obtaining health information from
TikTok [12].

TikTok’s concise video format encourages users to convey their
message in a brief yet engaging way, while the relaxed
atmosphere and the capacity to engage with viewers facilitate
a more intimate and authentic form of communication [13].
These videos may be especially memorable (and thus influential)
because viewers can retrieve both visual and verbal information
that they have processed and stored while watching the videos
[14]. Social media platforms have the power to spread credible,
useful health information [8]. However, recent research has
indicated that 1 in 5 TikTok videos likely contains
misinformation [15], and fact-checking has been found to be
uncommon on social media [16]. Consequently, as young
women turn to TikTok for health information, they may
encounter both the beneficial aspects and drawbacks of this
accessible platform. For these reasons, we suggest the need for
a better empirical understanding of the extent to which young
women are obtaining health information on TikTok and their
associated perceptions and behaviors related to the information
they encounter.

Objectives
In light of the popularity of TikTok, we conducted a survey of
young women (assigned female sex at birth) in the United States

to better understand their use of the social media platform for
health information as well as their perceptions of the platform’s
health information and related communication sources. We
focus on women aged 18 to 29 years for this study because
women make up the majority of TikTok users in the United
States and because survey data have revealed that users aged
18 to 19 years and 20 to 29 years were the 2 largest age groups
using TikTok during the time period that this study was
conducted [17,18]. Furthermore, it has been suggested that
women may be especially affected by health information on
TikTok. Mainstream news programs (eg, Good Morning
America on the ABC network) have anecdotally reported that
many young women turn to TikTok for health information and
that obstetrician-gynecologists and other physicians have
developed TikTok brands specifically to reach these users [6].
According to prior research, young women’s involvement with
social media significantly influences their perceptions and
behaviors concerning their health [19]; women are more likely
to look for health information, including via the internet [20,21];
and women tend to have a leading role in the majority of
decisions for their families’ health [22].

Specifically, we first sought to explore how often young women
are intentionally and unintentionally obtaining health
information from TikTok and their top reasons for obtaining
health information from the platform. Second, we explored their
perceptions of credibility (ie, the perceived credibility of TikTok
health information overall) and misinformation in relation to
the health information they see on TikTok, as well as their
frequency of verifying the health information they see. Within
this, we asked questions about perceived susceptibility to health
misinformation on TikTok to see if a third-person effect might
exist. The third-person effect is a communication theory that
suggests that people tend to perceive that messages in the media
have a greater effect on other people than on themselves [23],
which, in the context of misinformation on TikTok, could cause
young women to underestimate the potential impact of
misinformation on their own health-related decisions and
behaviors. Third, we explored perceptions and behaviors related
to the top 2 types of sources that share health information on
TikTok (health professionals and general users). In terms of
perceptions, we examined how often young women obtain
information from these sources, how much they prefer to obtain
information from these sources, and how credible they perceive
the information from these sources to be (ie, the perceived
credibility of TikTok health information from health
professionals and the perceived credibility of TikTok health
information from general users). For behaviors related to these
source types, we examined whether the young women have
acted on health information they obtained from these sources,
their likelihood of acting on health information from these
sources in the future, and their likelihood of fact-checking
information from these sources. In exploring each of these 3
areas, we also examined whether the women’s age, highest level
of education, and level of TikTok intensity (defined as their
emotional connectedness to TikTok and TikTok’s integration
into their daily lives) had a relationship with their use of TikTok
as a source of health information.
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Altogether, this study seeks to help both health communication
researchers and practitioners by illuminating the role that TikTok
plays in young women’s acquisition of health information in
the United States.

Methods

Design and Sample
A web-based survey of US women (assigned female sex at birth)
aged 18 to 29 years (N=1172) was conducted between April
and May 2023. While the sample was focused on individuals
who were assigned female sex at birth, we also asked about
their gender identity (refer to the Results section). The sample
was recruited using a Qualtrics research panel as well as
convenience sampling at 2 public universities in the United
States.

Ethical Considerations
The institutional review boards at the University of
Nebraska-Lincoln (IRB 20230122526EX) and the University
of Missouri (IRB 2095651) approved the study. Respondents
recruited via the Qualtrics panel were compensated in agreement
with their Qualtrics contract, and the respondents recruited at
the universities were compensated with course credit.

Procedure
The study began with a web-based informed consent form that
briefly explained the purpose of the study and gave the survey
respondents information about the study’s investigator, the
expected length of the survey, and how their data would be used
(for the reporting of aggregate data) and stored (in a
password-protected electronic format). Respondents then
answered screening questions, and respondents who were not
assigned female sex at birth and not aged 18 to 29 years were
excluded from the survey. After passing the eligibility criteria,
respondents were asked whether they had ever used TikTok to
either watch or post videos. The respondents who had used
TikTok were then asked about their average amount of use,
whether they had ever intentionally used TikTok to look for
advice or information about their health or health care (and
whether they had done so in the past 3 months), and whether
they had ever unintentionally been exposed to health information
on TikTok. From here, the questions they saw depended upon
whether they had ever seen health information (intentionally or
unintentionally) on TikTok.

All respondents who had ever used TikTok (n=1026) responded
to items measuring reasons for health-related TikTok use; the
perceptions of health misinformation on TikTok; the use of,
and preference for, particular sources (health professionals and
general users) of health information on TikTok; the perceived
credibility of health information from health professionals and
general users on TikTok; the likelihood of acting on health
information obtained from health professionals and general
users on TikTok; and the likelihood of fact-checking health
information from health professionals and general users on
TikTok.

Respondents who had seen health information on TikTok
(n=959) additionally responded to items measuring their

perceived credibility of the health information they have seen
overall on TikTok and their verification of the health information
they have seen on TikTok. Respondents who had ever received
health information on TikTok from either source of interest
(health professionals or general users) were also asked about
whether they had acted on health information from these
sources.

Finally, all participants (N=1172) responded to items measuring
TikTok intensity (ie, their emotional connectedness to TikTok
and TikTok’s integration into their daily lives) and answered
demographic questions, including their highest level of
education, race, and ethnicity.

Measures

Using TikTok as a Health Information Source

Frequency of Use

Respondents were asked whether they had ever used TikTok
(either to watch or to post videos). The respondents who had
used TikTok were asked to indicate their average amount of
use, using the following options: less than once a month, once
a month, once a week, a few times a week, once a day, more
often than once a day. The respondents who had ever used
TikTok were also asked whether they had ever used TikTok to
look for advice or information about their health or health care
(selecting yes or no). Those who selected yes were asked how
often they intentionally use TikTok to obtain health information,
and all respondents who had ever used TikTok were asked how
often they unintentionally obtain health information on TikTok
(hourly, daily, weekly, monthly, less often, or not at all).

Reasons for Health-Related TikTok Use

Respondents indicated their reasons for health-related TikTok
use by indicating their level of agreement (ranging from
1=strongly disagree to 7=strongly agree) with 10 different
statements (eg, “I like to get health information from TikTok
because it can help me to maintain a healthy lifestyle”) adapted
from prior research [24-26] (refer to the Results section).

Credibility, Misinformation, and Verification of Health
Information on TikTok

Perceived Credibility of TikTok Health Information Overall

Using the 7-point scale (ranging from 1=not at all to
7=extremely) for media credibility developed by Flanagin and
Metzger [27], respondents rated how believable, accurate,
trustworthy, biased (reverse coded), and complete they perceive
health information on TikTok, overall, to be. Specifically, the
respondents were asked, “To what degree do you rate the health
information provided on TikTok?” The 5 items were averaged
to create a perceived credibility score for each respondent (mean
4.48, SD 1.28; Cronbach α=0.90).

Misinformation Perceptions

For the perceptions of misinformation, respondents were asked
to indicate on a 7-point scale how prevalent they think health
misinformation is on TikTok (ranging from 1=not prevalent at
all to 7=very prevalent; mean 5.14, SD 1.42), how serious they
think the impact of health misinformation on TikTok is (ranging
from 1=not serious at all to 7=very serious; mean 5.57, SD
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1.46), and how susceptible they think they are to the influence
of health misinformation on TikTok (ranging from 1=not
susceptible at all to 7=very susceptible; mean 4.07, SD 1.75;
adapted from the study by Chang [28]). In addition, to explore
the possibility of a third-person effect, the respondents were
asked to indicate how susceptible (ranging from 1=not
susceptible at all to 7=very susceptible) they think others (eg,
the public; mean 5.26, SD 1.46) are to the influence of health
misinformation on TikTok (adapted from the study by van der
Meer et al [23]). Participants were also asked about their
self-perceived direct experience with health information on
TikTok with the following item (adapted from the study by
Chang [28]): “Have you encountered health misinformation on
TikTok in the past? (yes, no, or unsure).”

Verification of Health Information on TikTok

Using a scale adapted from the study by Flanagin and Metzger
[27], respondents indicated on a 7-point scale (ranging from
1=never to 7=always) how often they performed 6 different
verification behaviors (eg, “Check to see if the information is
current”) when seeing health information on TikTok. The scores
for the 6 items were averaged to create a verification of TikTok
health information score for each respondent (mean 4.83, SD
1.53; Cronbach α=0.92).

Health Professionals and General Users as Sources of
Health Information on TikTok

Source Preferences

Using a 7-point scale (ranging from 1=not at all to 7=very often),
respondents indicated how often they obtain health information
from health professionals on TikTok (mean 5.04, SD 1.83) and
how often they obtain health information from general users on
TikTok (mean 4.55, SD 1.89). In addition, using a 7-point scale
(ranging from 1=don’t prefer them at all to 7=prefer them a
lot), respondents were asked to indicate how much they prefer
to obtain health information from health professionals on TikTok
(mean 5.65, SD 1.75) and how much they prefer to obtain health
information from general users on TikTok (mean 4.08, SD 1.96).

Perceived Credibility of TikTok Health Information From
Health Professionals and General Users

In addition to measuring the respondents’ perceived credibility
of TikTok health information overall, we also measured the
respondents’ perceived credibility of the 2 sources of interest
(health professionals and general users) using the 7-point scale
for media credibility developed by Flanagin and Metzger [27].
Specifically, we asked, “To what degree do you rate the health
information provided by health professionals (eg, a doctor or
nurse) on TikTok?” and “To what degree do you rate the health
information provided by general users (someone like you) on
TikTok?” Respondents rated how believable, accurate,
trustworthy, biased (reverse coded), and complete they believe
the health information on TikTok to be from each of these
sources. The scores for each of the 5 items were averaged for
each of the source types such that each respondent had a score
for the perceived credibility of TikTok health information from
health professionals (mean 5.16, SD 1.18; Cronbach α=0.90)
and the perceived credibility of TikTok health information from
general users (mean 3.95, SD 1.54; Cronbach α=0.94).

Acting on Health Information

Respondents’ likelihood of acting on health information was
measured with items adapted from the study by Hu and Shyam
Sundar [29]. Using a 7-point scale (ranging from 1=not at all
likely to 7=extremely likely), respondents indicated how likely
they are to act on health information from a health professional
on TikTok (mean 4.50, SD 1.79) and from a general user on
TikTok (mean 3.96, SD 1.89). Respondents were also asked
whether they ever have acted on health information provided
on TikTok by a health professional or general user.

Fact-Checking Information

Respondents were asked, on a scale ranging from 1=not at all
likely to 7=very likely, to rate how likely they are to fact-check
health information on TikTok from a health professional (mean
4.88, SD 1.80) and a general user (mean 5.37, SD 1.83).

Audience Characteristics

TikTok Intensity

Scores for TikTok intensity were created using an adapted form
of the scale for Facebook intensity developed by Ellison et al
[30]. The scale was created to measure how emotionally
connected participants are to the social media platform as well
as the extent to which the platform is part of their everyday
lives. This TikTok-modified version of the scale (ranging from
1=strongly disagree to 7=strongly agree) asked respondents to
rate their agreement with the following six items: (1) “TikTok
is part of my everyday life,” (2) “I am proud to tell people I’m
on TikTok,” (3) “TikTok has become part of my daily routine,”
(4) “I feel out of touch when I haven’t logged into TikTok for
a while,” (5) “I feel I am part of the TikTok community,” and
(6) “I would be sorry if TikTok shut down.” The scores of the
6 items were averaged to create TikTok intensity scores for each
respondent who had reported ever having used TikTok (mean
4.91, SD 1.49; Cronbach α=0.90).

Survey Questionnaire and Descriptive Statistics

The full survey questionnaire and descriptive statistics for each
variable across the student and Qualtrics samples can be found
in Multimedia Appendix 1 and Multimedia Appendix 2,
respectively.

Data Analysis
Statistical analyses were performed using SPSS software
(version 29.0; IBM Corp). Descriptive analyses were conducted
to describe the respondents’ frequency of TikTok use, frequency
of intentional and unintentional exposure to health information
on TikTok, reasons for health-related TikTok use, beliefs about
encountering health misinformation, perceptions of
misinformation on TikTok, frequency of performing verification
behaviors on TikTok, frequency and preferences related to
obtaining health information from health professionals and
general users on TikTok, and frequency of acting on TikTok
health information.

Bivariate correlational analyses were conducted to examine the
relationships that credibility perceptions (the perceived
credibility of TikTok health information overall, the perceived
credibility of TikTok health information from health
professionals, and the perceived credibility of TikTok health
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information from general users), misinformation perceptions,
verification behaviors, the likelihood of acting on TikTok health
information, and the likelihood of fact-checking TikTok health
information had with the respondents’ age, highest level of
education, and level of TikTok intensity. In addition, bivariate
correlational analyses were conducted to examine the
relationship between respondents’ perceived credibility of
TikTok health information overall and their likelihood of acting
on the health information. For these correlational analyses, a
correlation was considered weak if the correlation coefficient
was between −0.4 and 0.4. A correlation was considered
moderate if the correlation coefficient was between −0.8 and
−0.4 or between 0.4 and 0.8. A correlation was considered strong
if the correlation coefficient was between −1 and −0.8 or
between 0.8 and 1.

Finally, paired samples t tests (2-tailed) were conducted to
observe the statistical differences between respondents’
perceived susceptibility of health misinformation on TikTok
for themselves versus for others, frequency of obtaining health
information on TikTok from health professionals versus general
users, preference for obtaining health information on TikTok

from health professionals versus general users, perceived
credibility of TikTok health information from health
professionals versus general users, likelihood of acting on
TikTok health information from health professionals versus
general users, and likelihood of fact-checking TikTok health
information from a health professional versus a general user.

Results

Overview
A total of 1172 qualified responses were collected, with the
average age of the sample being 22.82 (SD 3.15) years. A little
more than half of the participants came from the Qualtrics panel
(636/1172, 54.27%), and the rest were recruited through the
universities (536/1172, 45.73%). The majority of the sample
identified as White (910/1172, 77.65%), and most of the sample
reported having used TikTok (1026/1172, 87.54%).
Approximately half of the participants reported using TikTok
more often than once a day (615/1172, 52.47%). Further
demographic information is included in Table 1, and the full
list of demographic questions can be found in Multimedia
Appendix 1.
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Table 1. Respondent demographics (N=1172).

Participants, n (%)Characteristics

Race

3 (0.26)American Indian or Alaska Native

16 (1.37)Asian

117 (9.98)Black or African American

57 (4.86)Native Hawaiian or Pacific Islander

910 (77.65)White

53 (4.52)Other

16 (1.37)Prefer not to answer

Ethnicity

13 (1.11)Cuban

109 (9.3)Mexican, Mexican American, or Chicana

11 (9.39)Puerto Rican

98 (8.36)Other Spanish, Hispanic, or Latina

919 (78.41)Not Spanish, Hispanic, or Latina

22 (1.88)Prefer not to answer

Education

17 (1.45)Less than high school

207 (17.66)High school graduate or equivalent (eg, GEDa)

509 (43.43)Some college

90 (7.68)2-year degree

224 (19.11)4-year degree

68 (5.8)Professional or master’s degree

57 (4.86)Doctorate

Self-identified gender

1154 (98.46)Woman

4 (0.34)Transgender

11 (0.94)Nonbinary

2 (0.17)Gender fluid

1 (0.09)Other

Frequency of TikTok use

146 (12.46)Never

58 (4.95)Less than once a month

50 (4.27)Once a month

60 (5.12)Once a week

108 (9.22)A few times a week

135 (11.52)Once a day

615 (52.47)More often than once a day

aGED: General Educational Development test.
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Using TikTok as a Health Information Source

Frequency of Use
Of the 1026 respondents who had used TikTok before, 672
(65.5%) reported that they had intentionally used TikTok to
look for advice or information about their health or health care,
while 948 (92.4%) reported that they had unintentionally

received health information or advice on TikTok. Of the 1026
respondents who had ever used TikTok, 582 (56.73%) reported
having intentionally used TikTok to look for advice or
information about their health or health care in the last 3 months.
A breakdown of the frequency of intentional and unintentional
exposure to health information on TikTok is provided in Table
2.

Table 2. Frequency of using TikTok intentionally and unintentionally as a source of health information among respondents who had ever used TikTok
(n=1026).

Participants, n (%)Questions and responses

Frequency of intentional use of TikTok to obtain health information

29 (2.83)Hourly

108 (10.53)Daily

143 (13.94)Weekly

168 (16.37)Monthly

190 (18.52)Less often

388 (37.82)Not at all

Frequency of unintentional exposure to health information on TikTok

38 (3.7)Hourly

232 (22.61)Daily

363 (35.38)Weekly

172 (16.76)Monthly

143 (13.94)Less often

78 (7.6)Not at all

Reasons for Health-Related TikTok Use
Of the 10 reasons presented for health-related TikTok use,
obtaining advice from others with the same disease or health
condition (mean 5.29, SD 1.54), receiving social support from
others (mean 5.29, SD 1.57), and gaining knowledge about a

disease they had been diagnosed with (mean 5.01, SD 1.59)
were the most agreed upon reasons. The least agreed upon
reason for health-related TikTok use was communicating with
physicians (mean 4.06, SD 1.86). Table 3 shows the mean and
SD of the level of agreement for each of the 10 reasons.

Table 3. Reasons for health-related TikTok use among respondents who had ever used TikTok (n=1026).

Level of agreementa, mean (SD)I like to get health information from TikTok because...

4.92 (1.60)It can help me to maintain a healthy lifestyle.

4.81 (1.67)It can help me determine whether I need to see a doctor.

4.65 (1.72)It can provide me with more information after I’ve seen my doctor.

4.79 (1.65)It can help me find different options for treatment or maintenance of my health condition(s).

5.01 (1.59)I can gain knowledge about a disease I’ve been diagnosed with.

5.29 (1.54)I can obtain advice from other patients with the same disease or health condition as me.

5.29 (1.57)I can receive social support from others.

4.06 (1.86)I can communicate with physicians.

4.59 (1.81)I can interact in real time with TikTok users.

4.53 (1.71)I can obtain immediate health information and make use of it.

aRespondents indicated their level of agreement using a 7-point scale (ranging from 1=strongly disagree to 7=strongly agree).
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Credibility, Misinformation, and Verification of Health
Information on TikTok

Perceived Credibility of TikTok Health Information
Overall
With a mean of 4.48 (SD 1.28) on a 7-point scale, the credibility
perceptions were moderate. A positive correlation was found
(959/1026, 93.47%; r=0.30; P<.001) between the perceived
credibility of health information on TikTok overall and the
respondents’ age. Older participants tended to perceive the
content as more credible. A positive correlation was also found
(959/1026, 93.47%; ρ=0.10; P=.001) between the perceived
credibility of health information on TikTok overall and the
respondents’ highest level of education, with respondents with
greater education tending to rate the health information on
TikTok as more credible. There was a positive correlation
(959/1026, 93.47%; r=0.32; P<.001) between TikTok intensity
and the perceived credibility of TikTok health information
overall. Respondents with higher TikTok intensity scores tended
to have greater perceived credibility of health information on
TikTok overall.

Misinformation Perceptions
Approximately half (563/1026, 54.87%) of the respondents who
had used TikTok indicated that they believe that they have
personally encountered health misinformation on the platform
at some point, and only 1.85% (19/1026) of the sample stated
that they think that health misinformation is not prevalent at all
on TikTok. Table 4 shows the levels of perceived prevalence,

severity, and susceptibility of health misinformation on TikTok
reported by the respondents who had used TikTok.

There was a weak but significant negative correlation between
age and the perceived seriousness of health misinformation on
social media (1026/1172, 87.54%; r=−0.07; P=.04). There was
not a significant relationship between age and perceived
prevalence (1026/1172, 87.54%; r=−0.06; P=.05) or perceived
susceptibility (1026/1172, 87.54%; r=−0.02; P=.50). There was
not a significant relationship between the respondents’ highest
level of education and the perceived prevalence (1026/1172,
87.54%; ρ=−0.008; P=.81), the perceived seriousness
(1026/1172, 87.54%; ρ=0.01; P=.66), or the perceived
susceptibility of health misinformation on TikTok (1026/1172,
87.54%; ρ=0.04; P=.17).

There was a weak but significant positive relationship between
respondents’ TikTok intensity scores and perceived seriousness
(1026/1172, 87.54%; ρ=0.07; P=.02) and perceived
susceptibility (1026/1172, 87.54%; ρ=0.07, P=.02) such that
respondents with high TikTok intensity scores tended to perceive
greater seriousness and susceptibility of health misinformation
on TikTok. There was not a significant relationship between
TikTok intensity scores and the perceived prevalence of health
misinformation on TikTok (1026/1172, 87.54%; ρ=0.03; P=.29).

The results also showed that respondents perceive other people
(mean 5.26, SD 1.46) as more susceptible to health
misinformation on TikTok than they personally are (mean 4.07,
SD 1.75; t1025=21.16; P<.001).

Table 4. Perceived prevalence, seriousness, and susceptibility of health misinformation on TikTok among respondents who had ever used TikTok
(n=1026).

Level of agreementa, mean (SD)Questions

5.14 (1.42)How prevalent is health misinformation on TikTok?

5.57 (1.46)How serious do you think the impact of health misinformation on TikTok is?

4.07 (1.75)How susceptible are you to the influence of health misinformation on TikTok?

5.26 (1.46)How susceptible are other people to the influence of health misinformation on TikTok?

aRespondents indicated their level of agreement using a 7-point scale (ranging from 1=not at all prevalent, serious, or susceptible to 7=very prevalent,
serious, or susceptible).

Verification of Health Information on TikTok
The most frequently used form of verification was considering
whether the information represented was opinion or fact and
the least frequently used form of verification was verifying the
TikTok users’ qualifications or credentials. Table 5 shows the
respondents’ frequency of each verification behavior.

There was a weak but significant positive correlation found
between the respondents’ age and their likelihood of verifying

TikTok health information (959/1026, 93.47%; r=0.20; P<.001)
as well as between the respondents’ highest level of education
and their likelihood of verifying TikTok health information
(959/1026, 93.47%; ρ=0.09; P<.001). A weak but significant
positive relationship existed between respondents’ TikTok
intensity scores and their likelihood of verifying TikTok health
information (959/1026, 93.47%; r=0.21; P<.001). Participants
with high TikTok intensity scores were more likely to verify
the health information.
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Table 5. Verification of TikTok health information among participants who had seen health information on TikTok (n=959).

Participant responseaVerification behavior

Always, n (%)Almost al-
ways, n (%)

Most of the
time, n (%)

About half of
the time, n (%)

Rarely, n
(%)

Almost never,
n (%)

Never, n (%)

179 (18.7)178 (18.6)193 (20.1)131 (13.7)89 (9.3)68 (7.1)121 (12.6)Verify the TikTok users’ qualifications
or credentials

156 (16.3)199 (20.8)208 (21.7)165 (17.2)70 (7.3)87 (9.1)74 (7.7)Consider the TikTok users’ goals and
objectives for posting information on
the web

196 (20.4)198 (20.7)223 (23.3)143 (14.9)66 (6.9)61 (6.4)72 (7.5)Check to see whether the information
is current

226 (23.6)221 (23)200 (20.9)121 (12.6)76 (7.9)52 (5.4)63 (6.6)Seek out other sources to validate the
information

232 (24.2)251 (26.2)199 (20.8)125 (13)49 (5.1)50 (5.2)53 (5.5)Consider whether the information rep-
resented is opinion or fact

200 (20.9)225 (23.5)193 (20.1)148 (15.4)65 (6.8)55 (5.7)73 (7.6)Check to see that the information is
complete and comprehensive

aParticipants were asked to indicate how often they perform each of the 6 different behaviors when seeing health information on TikTok.

Health Professionals and General Users as Sources of
Health Information on TikTok

Source Preferences
Of the respondents who had ever used TikTok, 93.08%
(955/1026) indicated that they had obtained health information
from a health professional on the platform, while 93.86%
(963/1026) indicated that they had obtained health information
from a general user on the platform. That said, respondents
reported obtaining health information from health professionals
on TikTok (mean 5.04, SD 1.83) significantly more often than
they obtain health information from general users on TikTok
(mean 4.55, SD 1.89; t1025=8.13; P<.001). This was in line with
their preferences for health information sources because the
respondents’ preference for obtaining health information from
health professionals (mean 5.65, SD 1.75) was significantly
greater than their preference for obtaining health information
from general users (mean 4.08, SD 1.96; t1025=23.75; P<.001).

Perceived Credibility of TikTok Health Information
From Health Professionals and General Users
Respondents perceived health information from health
professionals on TikTok (mean 5.16, SD 1.18) to be significantly
more credible than health information provided by general users
on TikTok (mean 3.95, SD 1.54; t958=26.737; P<.001).

Acting on Health Information
Of the respondents who had received health information from
a health professional on TikTok, 43.35% (414/955) reported
that they had acted on health information they obtained from a
health professional on TikTok. In comparison, 37.8% (364/963)
of the respondents who had received health information from
a general user on TikTok reported that they had acted on health
information they obtained on TikTok from a general user. When
asked about their likelihood of acting on health information on
TikTok in the future, the respondents’ likelihood of acting on
health information from a health professional on TikTok (mean

4.50, SD 1.79) was significantly higher than their likelihood of
acting on health information from a general user on TikTok
(mean 3.96, SD 1.89; t1025=12.74; P<.001).

Likewise, the respondents’ perceived credibility of TikTok
health information overall was positively correlated with their
likelihood of acting on the health information. Respondents
who perceived health information on TikTok overall as credible
were more likely to act on health information they obtained
from a health professional on TikTok (959/1026, 93.47%;
r=0.47; P<.001) than from a general user on TikTok (959/1026,
93.47%; r=0.53; P<.001).

Age was weakly positively correlated with the respondents’
likelihood of acting on health advice found on TikTok both
from a health professional (1026/1172, 87.54%; r=0.11; P<.001)
and from a general user (1026/1172, 87.54%; r=0.23; P<.001).
Likewise, education was weakly positively correlated with their
likelihood of acting on health information found on TikTok
both from a health professional (1026/1172, 87.54%; ρ=0.09;
P=.003) and from a general user (1026/1172, 87.54%; ρ=0.08;
P=.01).

There was a significant positive relationship between TikTok
intensity and the respondents’ likelihood of acting on health
information from health professionals on TikTok (1026/1172,
87.54%; r=0.41; P<.001). Likewise, there was a significant
positive relationship between TikTok intensity and their
likelihood of acting on health information from general users
on TikTok (1026/1172, 87.54%; r=0.39; P<.001). Respondents
with higher TikTok intensity scores tended to be more likely to
act on health information from both health professionals and
general users on TikTok.

Fact-Checking Information
There was a statistically significant difference in the
respondents’ likelihood of fact-checking health information on
TikTok from a health professional versus a general user. The
likelihood of fact-checking health information from a general
user (mean 5.37, SD 1.83) was higher than the likelihood of
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fact-checking health information from a health professional
(mean 4.88, SD 1.80; t1025=9.71; P<.001).

Age was weakly positively correlated with the respondents’
likelihood of fact-checking TikTok health information both
from a health professional (1026/1172, 87.54%; r=0.18; P<.001)
and from a general user (1026/1172, 87.54%; r=0.07; P=.02).
Education was also weakly positively correlated with their
likelihood of fact-checking TikTok health information from a
health professional (1026/1172, 87.54%; ρ=0.11; P<.001), but
education was not correlated with their likelihood of
fact-checking TikTok health information for a general user
(1026/1172, 87.54%; ρ=0.04; P=.26).

There was a significant but weak positive relationship between
TikTok intensity and the respondents’ likelihood of
fact-checking TikTok health information from both health
professionals (1026/1172, 87.54%; r=0.07; P=.03) and general
users on TikTok (1026/1172, 87.54%; r=0.10; P=.002).
Respondents with higher TikTok intensity scores tended to be
more likely to fact-check health information from both health
professionals and general users on TikTok.

Discussion

Principal Findings
TikTok has generated substantial attention due to recent reports
suggesting its emergence as a significant source of information
for many Americans [7]. For some users, TikTok has replaced
traditional news networks as well as widely used search engines
such as Google [31]. Given this emergence of TikTok as an
information source and the presence of health information
available on the platform [5,6], we surveyed 1172 women aged
18 to 29 years to understand their use of TikTok as a source of
health information. Of the 1172 respondents, 1026 (87.54%)
had used TikTok in some capacity.

The findings provide evidence that TikTok has become a source
of health information for young women in the United States.
More than half of the respondents who had ever used TikTok
(672/1026, 65.5%) reported that they had intentionally used
TikTok to look for advice or information about their health or
health care, and nearly the entire sample of TikTok users
(948/1026, 92.4%) reported having unintentionally obtained
health information on TikTok. The popularity of health-related
hashtags on TikTok (eg, as of November 2023, #medicaltiktok
and #healthtok had 7.6 billion and 2.4 billion views,
respectively) has illuminated some of TikTok’s popularity as a
commonly searched platform for information related to health,
but the findings of this study provide a greater empirical
understanding of the extent to which young women actually
obtain health information from the platform.

TikTok’s popularity as a source of health information may, in
part, be the result of how technology has influenced human
beings’ desire for immediate information. Rather than having
to wait for a physician’s appointment to ask about one’s
symptoms or health condition, one can take to the internet (eg,
TikTok) and find related information in a matter of minutes
[12]. This phenomenon of individuals seeking immediate
information has important implications for health professionals.

By knowing that individuals turn to platforms such as TikTok
to find health information, health professionals can proactively
create content so that credible health information is available
when users go to find it. Social media platforms were heavily
relied upon for health information during the COVID-19
pandemic [16], and since then, social media, and TikTok
specifically, have been recommended as a tool for health
promotion [5,32,33]. Given that TikTok is easily accessible and
allows anyone to consume information without judgment, it
may especially be helpful for populations with barriers to care
and for communicating about taboo or stigmatized topics that
users may be less comfortable asking about in a traditional
setting [6,34].

To better understand why young women are using TikTok as a
source of health information, we asked our respondents about
their agreement with various reasons for health-related TikTok
use. Our findings showed that the most agreed upon reasons
were obtaining advice from others with the same disease or
health condition, receiving social support from others, and
gaining knowledge about a disease they had been diagnosed
with. In an examination of how the current digital landscape
has affected Americans’ consumer behavior, CharityRx found
“relatability to a shared personal experience” to be a top reason
why people go to health influencers for information [12]. In
addition to TikTok having the ability to provide immediate
information related to users’health inquiries, it has the capacity
to help users locate other people who are similar to them. This
may be especially relevant for women. As women have
experienced gender bias and poorer treatment in health care
settings [35,36], it is possible that they may be especially
motivated to seek social support and health information from
others like them. Prior research has also indicated that social
support is especially beneficial for women [37]. When
individuals perceive similarity to a source of information, this
can cause the message recipient to feel a stronger sense of
connection with the message, which can have important
implications in terms of the effects of a message [38]. Perceiving
similarity to a source of information can also enhance a user’s
perceptions of the message and overall acceptance [39]. In terms
of obtaining a further understanding of young women’s
motivations for using TikTok as a source of health information,
future research could examine what topics (eg, health conditions)
young women are most interested in and likely to search for.

Given the potential for misinformation to rapidly pervade the
social media landscape, it has been recommended that experts
in medical science, public health, and social sciences collaborate
to better understand health misinformation on social media,
including its reach and influence [40]. Our findings help show
the degree to which young women on TikTok perceive an issue
of misinformation and to what extent they try to verify or
fact-check the information they consume. In first examining
the perceived credibility of TikTok health information overall,
we found that credibility perceptions were moderate among the
respondents who had reported ever having obtained
health-related advice or information (intentionally or
unintentionally) from TikTok. Notably, health information on
TikTok was perceived to be more credible by participants who
were older, more educated, or had higher TikTok intensity scores
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(ie, were more emotionally connected to TikTok and had greater
integration of TikTok into their daily lives). While our findings
are able to show these positive correlations, we do not know
whether the information they are seeing on TikTok (and thus
reflecting on when indicating their credibility perceptions) truly
is credible. It may be the case that older age, higher levels of
education, and more experience with TikTok lead to following
more credible users and being delivered more credible content
via the TikTok algorithm. In this case, the content may truly be
more credible for these users (leading to their greater perceptions
of credibility). Future research could explore whether this is the
case.

Nearly all participants (1007/1026, 98.15%) indicated that they
believe that misinformation is prevalent on TikTok to at least
some extent. This may be the result of mainstream news
commonly communicating that misinformation is a problem on
social media platforms, including TikTok [15]. A great deal of
health misinformation reached social media users during the
COVID-19 pandemic [8]. It is possible that respondents in this
study were among these users or that they heard about this
problematic phenomenon. However, despite nearly all
participants (1007/1026, 98.15%) stating that they think that
misinformation is prevalent on TikTok to at least some extent,
only approximately half of the participants (563/1026, 54.87%)
indicated that they believe that they have personally encountered
health misinformation on TikTok at some point. This
discrepancy could stem from a few factors. It could be that the
users know that there is a misinformation epidemic but have
not been exposed to misinformation because of their
commitment to only following credible users (thus leading the
TikTok algorithm to feed them more credible content). However,
given the large amounts of misinformation that have been
identified on the platform [15,41,42] and Americans’ inability
to identify most forms of misinformation [43-45], it is more
likely that this discrepancy is the result of some respondents
not having recognized that they have been exposed to health
misinformation. This possibility is further supported by our
results that showed that respondents perceive other people as
more susceptible to health misinformation on TikTok than they
personally are. This finding demonstrates what seems to be a
third-person effect, in which the young women perceive that
media messages have a greater influence on others than on
themselves [23]. As evidence of a third-person effect was
provided by the results (with respondents perceiving that other
people are more susceptible to health misinformation on TikTok
than they personally are), it might be that some of the
respondents are naive about their susceptibility to
misinformation.

The most common form of verification (to verify the accuracy
of the health information found on TikTok) was considering
whether the information presented was opinion or fact. The least
frequently reported form of verification was verifying the
TikTok users’qualifications or credentials. Age, education, and
TikTok intensity were each found to have a weak positive
correlation with the likelihood of verifying TikTok health
information. Participants who were older, more educated, or
had higher TikTok intensity scores were more likely to verify
health information on TikTok. As discussed in the Results

section, these demographics (age, education, and TikTok
intensity) were also found to each be positively correlated with
the perceived credibility of TikTok health information overall.
Thus, as both credibility perceptions and the verification of the
information increase with age, education, and TikTok intensity,
perhaps these users truly are seeing more credible content and
appropriately perceiving it to be credible. Future research should
further explore these relationships because this is beyond the
scope of this study. In prior research, fact-checking has typically
been found to not be very common on social media. In a survey
by Neely et al [16] of Americans’ reliance on social media
during the COVID-19 pandemic, it was found that three-fourths
of those surveyed had relied on social media to some extent to
stay informed about the pandemic, but the majority of them
were unlikely to fact-check the information they found.

Finally, this study investigated young women’s perceptions and
behaviors related to the top 2 types of sources that share health
information on TikTok: health professionals and general users.
Prior research has identified that health professionals and general
users are 2 of the most prevalent sources on TikTok
communicating health information [10,11], and our findings
indicate that young women are obtaining health information on
TikTok from each of these 2 source types. Of the respondents
who had used TikTok, a majority indicated that they had
obtained health information both from a health professional on
the platform (955/1026, 93.08%) and from a general user on
the platform (963/1026, 93.86%). Given that the respondents’
top reasons for health-related TikTok use were obtaining advice
from others with the same disease or health condition, receiving
social support from others, and gaining knowledge about a
disease they had been diagnosed with, it is reasonable that the
respondents would perceive both health professionals and
general users as valuable sources of information. Prior research
exploring the effects of communication sources on social media
[9] has explained that both expert-type and peer-type sources
provide value. While health professionals have formal training
and credentialed experience, general users (eg, peers) can have
a form of “experiential credibility” from their own personal
experiences (such as that of living with a particular health
condition) [9,27]. While most of the respondents had obtained
health information from each of the 2 source types, their
preference for obtaining health information from a health
professional was significantly greater than their preference for
obtaining health information from general users (t1025=23.75;
P<.001), and, in line with their preferences, the young women
reported obtaining health information from health professionals
on TikTok significantly more often than they reported obtaining
health information from general users on TikTok (t1025=8.13;
P<.001). As medical professionals and health institutions
delivered COVID-19–related information during the pandemic
[5], it was found that Americans who used social media as a
source of COVID-19–related information expanded their social
media networks to include credible sources (eg, medical
institutions and scientific sources) [16]. In addition, CharityRx’s
survey found “medical accreditation and certification” to be the
top reported reason why people go to influencers for health
information [12]. Together, the prior and current findings seem
to indicate a preference for obtaining health information from
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health professionals on platforms such as TikTok. However, it
is important to recognize that both of the common source
types—health professionals and general users—are providing
health information to these users.

Our findings showed that the perceived credibility of TikTok
health information from health professionals was significantly
higher than the perceived credibility of TikTok health
information from general users (t958=26.737; P<.001). This is
promising for health professionals who choose to invest in
creating a TikTok presence because studies have shown that
web-based information is more likely to be attended to when it
is perceived as credible [46]. There was also a significant
difference in the young women’s likelihood of acting on health
information from a health professional versus a general user on
TikTok, with their likelihood of acting on the information being
greater when the information was from a health professional
(t1025=12.74; P<.001). As the respondents had greater perceived
credibility of TikTok health information from health
professionals (vs general users), it is logical that they would
also be more likely to act on health information from health
professionals, given that credibility perceptions enhance the
likelihood of persuasion [47,48], including in the context of
social media messaging [49]. We found that, of the respondents
who had received health information from a health professional
on TikTok, 43.35% (414/955) reported that they had acted on
health information they obtained from a health professional on
TikTok. In comparison, 37.8% (364/963) of the respondents
who had received health information from a general user on
TikTok reported that they had acted on health information they
obtained on TikTok from a general user. The respondents’
perceived credibility of health information on TikTok overall
was found to be positively correlated with their likelihood of
acting on health information from both of the source types,
which is in alignment with the relationship between credibility
perceptions and persuasive effects [47,48]. On the one hand,
these findings are promising in the sense that young women
perceive health professionals on TikTok to be more credible
and are more influenced by them, further suggesting that it is
worthwhile for health professionals to use TikTok as a strategic
communication tool. On the other hand, this could mean that
young women are more susceptible to being influenced by
individuals who give the impression of being qualified health
professionals. Medical professionals sometimes provide
information that is outside of their scope of expertise [50], and
uncredentialed users are often confused for credentialed health
professionals [51]. Furthermore, it is important to note that
medical credentials and titles vary. A search of the hashtag
#womenshealth on TikTok results in videos from a number of
different types of health professionals, including nurses, nurse
practitioners, obstetrician-gynecologists, medical doctors (with
MD or DO credentials), and midwives, and because prior
research has shown that many individuals do not understand
medical roles and titles or how to differentiate between them
[52], this could have profound implications. It is also important
to note that anyone on TikTok can present themselves as though
they have the necessary credentials for the information they are
sharing (eg, adding credentials to their username, presenting
themselves with a formal title, wearing a laboratory coat or

surgical scrubs, and communicating information in a persuasive
manner). An authoritative title, on its own, can be enough to
capture an individual’s attention and generate respect [53].
Therefore, with anyone being able to add credentials to their
TikTok username, this could be problematic, especially given
that credibility is hard to distinguish on social media. Users are
more likely to rely on heuristic cues (such as the titles included
in a username) to determine a user’s credibility [9,54]. The
aforementioned findings also showed that the least frequently
reported form of information verification was verifying the
TikTok users’ qualifications or credentials, further illustrating
that this could be vastly problematic.

The study’s findings showed that the young women in our study
are more likely to fact-check information from a general user
than fact-check information from a health professional. Again,
this is promising in terms of the fact that content from general
users may be more likely to include misinformation, but this
could be problematic if the credibility cues of a health
professional lead users to automatically assume that they can
believe and trust any of the information. It would be worthwhile
for future research to investigate this further, uncovering whether
users trust misinformation from health professionals on TikTok
simply because of the creators’ credentials.

We also found that both age and education are positively
correlated with young women’s likelihood of acting on health
information found on TikTok—both from a health professional
and from a general user. However, these correlations were quite
weak. A stronger positive correlation was found between the
users’ emotional connection to TikTok (ie, TikTok intensity)
and their likelihood of acting on health information from both
health professionals and general users. It may be logical to
assume that users who heavily engage more with TikTok will
have a greater propensity to act on the information they receive.
Social influence theory suggests that individuals are influenced
by those around them [55]. This may extend to the web-based
environment, such that as TikTok becomes more integrated into
one’s life, it is more likely to affect one’s behaviors.

Limitations
The findings of this survey research should be interpreted in
light of some limitations. First, the sample of survey respondents
was recruited through convenience sampling methods. While
the sample is only a segment of the total population, we tried
to ensure that we had a large sample that was representative of
the population of interest (women aged 18-29 years throughout
the United States) by using both Qualtrics and 2 large public
universities to recruit individuals who fit the sample parameters.
This study does not discuss differences between individuals
recruited from the universities and those recruited from the
Qualtrics sample, but we have provided descriptive statistics
for each variable across each sample as a means of allowing for
some comparison between the 2 samples (Multimedia Appendix
2). In addition, we made sure to include the respondents’highest
level of education as a variable in this study to see how
education is associated with the variables of interest in this
study, which can help to provide some understanding of how
one’s educational experience might be related to one’s use and
perceptions of TikTok health information. Second, because this
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study relies on self-reporting from the survey respondents, there
is a chance that the results do not truly capture the real behaviors
of the respondents. As we asked questions about fact-checking
web-based information (behaviors that individuals likely know
they should engage in), the respondents may have answered
some questions in a more socially desirable or acceptable
manner (ie, what they expect would be an “appropriate”
response) rather than being truthful in their responses.
Hopefully, though, because participants knew that their
responses would be anonymous, this helped to lessen social
desirability bias. Finally, this study focused on young women
(assigned female sex at birth) as the population of interest for
this study. This narrow focus allows us to better understand the
implications of TikTok use for this demographic, but it is also
important to explore other populations’ behaviors and
perceptions.

Conclusions and Practical Implications
This study provides a greater understanding of the extent to
which TikTok is serving as a source of health information for
young women in the United States. With nearly all young
women in this study (who had used TikTok) having been
exposed to health information on TikTok (948/1026, 92.4%),
and more than half of them (582/1026, 56.73%) having actively
sought health-related information on the platform in the last 3
months, it is imperative for health professionals and health
communication scholars to prioritize the consideration of TikTok
as a platform that is influencing health information acquisition
and dissemination in the United States. While the popularity
and accessibility of TikTok may change, short-form video social
media sites are likely to remain a common form of
communication [56].

The findings of this study illustrate the potential value that
TikTok can have for disseminating health information to an
audience of young women. As the respondents of this survey
reported a preference for information from health professionals
and were more likely to act on the information from these

sources, it is worthwhile for health professionals to use TikTok
to disseminate health information to this audience, especially
given the large number of women on the platform and prior
research illustrating that social media significantly influence
women’s health-related behaviors and perceptions [17,19]. In
doing so, health professionals may want to consider how they
can align their content with young women’s most common
motivations for using TikTok as a source of health information,
which we found to be obtaining advice from others with the
same disease or health condition, receiving social support from
others, and gaining knowledge about a disease they had been
diagnosed with. Given that young women want advice and
support from others who are experiencing similar health
conditions, it may be useful for health professionals to consider
working with individuals who are willing to share their personal
experience with a health condition. Incorporating the stories of
patients and other experienced individuals who have similar
characteristics to those searching for information on TikTok
could be especially influential for increasing attention to, and
engagement with, health information on TikTok.

Furthermore, given that our findings indicate that young women
have a preference for obtaining health information on TikTok
from health professionals and that they are less likely to
fact-check information from these sources, it is imperative that
future initiatives address the proliferation of individuals sharing
information beyond their scope of expertise and the problem of
social media users confusing uncredentialed users as
credentialed health professionals [50,51]. Future researchers
and practitioners should also work on media literacy and
education initiatives, given the third-person effect found in this
research. It seems that young women know that misinformation
is an issue on TikTok, but it seems that they may not be
recognizing that they have been exposed to misinformation and
that they perceive themselves as less susceptible. It may be
beneficial for future interventions to address this perception and
help young women to have better recognition of when they are
being exposed to health misinformation.
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Abstract

Background: Social media has the potential to provide social support for rare disease communities; however, little is known
about the use of social media for the expression of medical uncertainty, a common feature of rare diseases.

Objective: This study aims to evaluate the expression of medical uncertainty on social media in the context of dyskeratosis
congenita, a rare cancer-prone inherited bone marrow failure and telomere biology disorder (TBD).

Methods: We performed a content analysis of uncertainty-related posts on Facebook and Twitter managed by Team Telomere,
a patient advocacy group for this rare disease. We assessed the frequency of uncertainty-related posts, uncertainty sources, issues,
and management and associations between uncertainty and social support.

Results: Across all TBD social media platforms, 45.98% (1269/2760) of posts were uncertainty related. Uncertainty-related
posts authored by Team Telomere on Twitter focused on scientific (306/434, 70.5%) or personal (230/434, 53%) issues and
reflected uncertainty arising from probability, ambiguity, or complexity. Uncertainty-related posts in conversations among patients
and caregivers in the Facebook community group focused on scientific (429/511, 84%), personal (157/511, 30.7%), and practical
(114/511, 22.3%) issues, many of which were related to prognostic unknowns. Both platforms suggested uncertainty management
strategies that focused on information sharing and community building. Posts reflecting response-focused uncertainty management

strategies (eg, emotional regulation) were more frequent on Twitter compared with the Facebook community group (χ2
1=3.9;

P=.05), whereas posts reflecting uncertainty-focused management strategies (eg, ordering information) were more frequent in

the Facebook community group compared with Twitter (χ2
1=55.1; P<.001). In the Facebook community group, only 36% (184/511)

of members created posts during the study period, and those who created posts did so with a low frequency (median 3, IQR 1-7
posts). Analysis of post creator characteristics suggested that most users of TBD social media are White, female, and parents of
patients with dyskeratosis congenita.

Conclusions: Although uncertainty is a pervasive and multifactorial issue in TBDs, our findings suggest that the discussion of
medical uncertainty on TBD social media is largely limited to brief exchanges about scientific, personal, or practical issues rather
than ongoing supportive conversation. The nature of uncertainty-related conversations also varied by user group: patients and
caregivers used social media primarily to discuss scientific uncertainties (eg, regarding prognosis), form social connections, or
exchange advice on accessing and organizing medical care, whereas Team Telomere used social media to express scientific and
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personal issues of uncertainty and to address the emotional impact of uncertainty. The higher involvement of female parents on
TBD social media suggests a potentially greater burden of uncertainty management among mothers compared with other groups.
Further research is needed to understand the dynamics of social media engagement to manage medical uncertainty in the TBD
community.

(JMIR Infodemiology 2024;4:e46693)   doi:10.2196/46693

KEYWORDS

social media; medical uncertainty; telomere biology disorder; dyskeratosis congenita; social support

Introduction

Background
Medical uncertainty is a common experience in rare diseases
and may combine with limited scientific knowledge and access
to peer groups to impede a patient’s ability to seek and adhere
to medical treatments [1] and intensify health-related anxiety,
decreasing quality of life for patients and their caregivers [2,3].
Dyskeratosis congenita (DC) is a rare telomere biology disorder
(TBD) associated with very high risks of bone marrow failure,
pulmonary and liver disease, cancer, and other medical
conditions. Diagnosis is challenging because of its wide
phenotypic spectrum, including the classic DC triad (nail
dysplasia, abnormal skin pigmentation, and oral leukoplakia)
with pediatric bone marrow failure, middle-age presentation
with pulmonary failure or aplastic anemia, abnormally short
telomere length, or detection of pathogenic germline variants
in >18 different genes [4]. Although age of onset is variable,
DC often presents in childhood and adolescence, with most
patients experiencing their first symptoms before the age of 20
years [5]. Diagnosis frequently results in a lifetime commitment
to screening to detect progressive clinical manifestations of DC,
including cancers across multiple organ systems [5]. Owing to
the complexity and rarity of DC and related TBDs, patients and
their families often have long diagnostic journeys, face
complicated health decision-making, and frequently do not have
access to medical professionals and supportive peers who are
familiar with their condition. This situation likely creates a
substantial burden of medical uncertainty for patients with TBDs
and their families. Although medical uncertainty has been
associated with increased anxiety and difficulty with
decision-making in rare diseases and cancer occurrence and
recurrence [6-11], to date, no research has addressed the
experience or management of medical uncertainty in the TBD
context.

As outlined in a previously published taxonomy developed by
Han [12], uncertainty in medicine arises from multiple sources
(eg, probability, ambiguity, and complexity) and focuses on
scientific, personal, and practical issues. These situations
activate a variety of management strategies to address
uncertainty, which are primarily cognitive, emotional, and
relational in nature. Uncertainty management strategies may
target ≥1 sources or issues of uncertainty and are defined as
belonging to ≥1 of the following approaches: seeking
information to fill knowledge gaps (“ignorance-focused”),
reducing or increasing attention to unknowns
(“uncertainty-focused”), ameliorating adverse psychological
effects of uncertainty (“response-focused”), and fostering

interpersonal relationships to engage with uncertainty as a shared
experience (“person-focused”). In situations where uncertainty
cannot be reduced, these strategies may mitigate its negative
mental health impact and help individuals achieve an adaptive,
optimal balance of responses to uncertainty (uncertainty
tolerance).

The rarity of TBDs suggests a potential role for internet-based
platforms to deliver social support by bridging geographic,
knowledge, and community network limitations. Social support,
a complex concept encompassing a variety of helping social
interactions [13], includes four main types: (1) expression of
empathy and care (emotional), (2) provision of tangible
assistance (instrumental), (3) provision of knowledge or facts
(informational), and (4) evaluative feedback about task
performance or personal qualities (appraisal) [14]. Research
suggests that social support decreases the experience of stress,
anxiety, and depression and improves the overall quality of life
in populations experiencing medical uncertainty [8,10,15-17].
The benefit of social support has been demonstrated in patients
with Li-Fraumeni syndrome, a rare genetic cancer
predisposition, where informational, tangible, spiritual, and
emotional support from in-person sources enhanced positive
coping capacities [18]. Social media platforms such as Facebook
and Twitter have been identified as important resources for
social support in rare disease contexts [19-24], and
disease-specific social media support has been recommended
in oncology [25], rare genetic disease [26-28], and other
stigmatized or rare diseases [29-31]. In addition to increasing
access to information and social networks, continued
participation in socially supportive internet-based communities
may also build capacities for uncertainty tolerance
[10,17,32-38]. Although social media has the potential to bridge
geographic or social boundaries, its use is often concentrated
in select populations, limiting its reach and potentially inhibiting
its use by some groups [39,40]. In addition, dynamics observed
on social media posts may not reflect real-life experiences and
are limited in depth and detail, increasing the potential for
misinterpretation [39]. Social media can also spread
misinformation with damaging consequences, especially in
high-uncertainty health contexts [41-43].

Objectives
Although extensive research has investigated the psychosocial
benefits of internet-based health forums for patients and their
caregivers [23,28,29,44-51], there is still a need to evaluate the
use of social media to express or manage medical uncertainty
in rare diseases. Specifically, we need to examine social media
use for expressing and managing medical uncertainty in TBDs
to understand the experience of medical uncertainty in this

JMIR Infodemiology 2024 | vol. 4 | e46693 | p.257https://infodemiology.jmir.org/2024/1/e46693
(page number not for citation purposes)

Pearce et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://dx.doi.org/10.2196/46693
http://www.w3.org/Style/XSL
http://www.renderx.com/


context and to build evidence to improve health communication
and uncertainty management interventions [52]. This exploratory
study aims to review social media posts created by and targeted
at patients with TBDs and their caregivers to (1) measure the
frequency of uncertainty-related posts; (2) catalog the issues,
sources, and types of uncertainty and uncertainty management
strategies; (3) measure user engagement with different post
types; and (4) explore the relationship between uncertainty and
social support. To achieve these aims, we reviewed all publicly
available social media sites owned and maintained by Team
Telomere (previously DC Outreach, Inc), the oldest and largest
patient advocacy organization for individuals, caregivers, and
families affected by TBDs worldwide [53]. The social media
of Team Telomere constitutes the most expansive and accessible
body of internet-based TBD-related content, inclusive of a
variety of user perspectives. The variety of posts by users with
diverse connections to TBDs (eg, medical providers, patients,
caregivers, and health advocacy nonprofits) makes Team
Telomere’s social media an ideal data source for understanding
the range and dynamics of medical uncertainty communication
and social support exchange in the TBD context.

Methods

Ethical Considerations
Data collection was undertaken in partnership with Team
Telomere following best practices guidelines for social media

research [54] and was approved by the National Institutes of
Health Institutional Review Board (IRB 000722).

Data Source
The source of data for this study was all publicly available social
media owned and maintained by Team Telomere. These sites
included the Team Telomere Twitter page [55], the Facebook
main page [56], and a public Facebook community group [57]
(Table 1). All the sites were open to the public and had no
eligibility requirements for membership. Content across all
platforms was monitored by Team Telomere to ensure
appropriate adherence to community guidelines, and Team
Telomere’s staff removed posts with offensive or scientifically
inaccurate content. The Facebook main page and Twitter
accounts were created to promote the work of Team Telomere
“supporting families worldwide affected by Dyskeratosis
Congenita and Telomere Biology Disorders” [56]. The Facebook
community group was created in response to social isolation
following the COVID-19 pandemic as “a place to share our
everyday lives in the spirit of promoting and maintaining
connections among our Team Telomere/Dyskeratosis
Congenita/Telomere Biology disorder community” [57].

Table 1. Data source characteristics at the time of the study.

TwitterFacebook main pageFacebook community group

201020102020Creation date (y)

19331637187Followers, n

4341815511Postsa, n

aRepresents posts captured during the study period (June 2019 to December 2021).

Inclusion
All posts made on Team Telomere’s social media (Facebook
main page: n=1818, Facebook community group: n=518, and
Twitter: n=441) between June 2019 and December 2021 were
eligible for inclusion. This time frame encompasses the period
starting 1 year before the Facebook community group. This
group was created in June 2020 as a platform for social
connection during the COVID-19 pandemic. Posts were
excluded from the analysis if they were (1) removed by the user
or Team Telomere (n=5), (2) duplicate posts with identical
content from the same day (n=2), or (3) posts without image or
text content (n=7). This resulted in a total of 2760 posts, with
both primary posts and comments considered unique. The post
was used as the unit of analysis and included all content visible
to a passive social media user. Additional post content that
required clicking links to external sites or embedded audiovisual
materials was not included in this study.

Data Extraction and Quality Control
We met with Team Telomere’s leadership (eg, executive director
and board) before conducting the study and cocreated a
community-based research contract outlining parameters.

Although all data were publicly available and Facebook data
were manually extracted by the authors, Team Telomere
facilitated data extraction from Twitter by sharing downloaded
images and text files made available to them as account owners.
We used the post (original or responses), rather than post creator,
as the unit of measurement and did not collect identifying
information of the social media users or interact directly with
users.

Data were extracted directly from each social media site
manually through (1) screenshots saved as deidentified image
files and (2) cut-and-paste of post text into an Excel (Microsoft
Corporation) spreadsheet. For the Facebook community group,
we assigned unique ID numbers to post creators using public
data (usernames) to calculate how many unique users engaged
in conversation threads, and we viewed the publicly available
profile images to assess observed sex and race. Posts were
assigned a unique ID number within Excel, and additional data
were manually extracted for each post to capture the post
popularity (number of likes, shares, and comments), post type
(primary post or comment), and types of emojis present.
Demographics of post creators (observed gender and race) were
assessed through an independent review of profile images and
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profile names by 3 coders (EP, HR, and NE). Quality control
for data extraction was performed on a subset of the data (n=100
posts) by NE, and intercoder reliability was assessed during the
multiple-reviewer coding process.

Coding and Analysis
We used a combined content analysis mixed methods approach
to analyze the social media data [58]. This involved qualitative
analysis (coding by multiple independent reviewers) and
quantitative analysis (frequency and chi-square testing).
Constructs were defined through codebook development using
deductive (theory driven) approaches, whereas qualitative
themes were identified through inductive (data driven)
discussion, as described in greater detail in the Methods section.
The analysis was performed separately for each social media
source, 2 Facebook pages (the Team Telomere main page and
a separate community group page established in 2020) and the
Team Telomere Twitter feed, resulting in the creation of 3
separate data sets (Facebook main page: n=1815, Facebook
community group: n=511, and Twitter: n=434). A subset of
Facebook community group posts (n=77; 12 primary posts and
65 comments) was reviewed by 3 coders and used to inform
uncertainty inclusion criteria (Multimedia Appendix 1) and the
codebook (Multimedia Appendix 2) developed to deductively
identify the presence or absence of uncertainty and social
support constructs defined in the Han Taxonomy of Medical
Uncertainty [12] and the Social Support Framework [14]. Then,
all posts were coded for uncertainty and social support by 3
independent coders (EP, HR, and PKJH), with all disagreements
in coding resolved through discussion and consensus. Posts
identified as uncertainty related in the Facebook community
group (n=156) and Twitter (n=210) were then independently
subcoded (EP, HR, and PKJH) for uncertainty issues, sources,
and management strategies according to the codebook
definitions detailed in the Measures section. Data were then
arranged by subcode and reviewed qualitatively to detect themes
that emerged from the data and were refined through discussion
between coders.

Measures

Intercoder Reliability
Intercoder reliability among the 3 coders was measured across
all social media types for the initial coding of dichotomous
social support and uncertainty variables using Cohen κ. The
analysis found acceptable reliability of independent coders in
assessing the presence or absence of any social support (κ value
range across all platforms, κ=0.79-0.95) and uncertainty (κ
value range across all platforms, κ=0.58-0.93) across all social
media platforms. Regardless, all discrepancies were mutually
resolved through coder consensus.

Post Creator Characteristics
Post creator characteristics were visible from profile images
and usernames that appeared alongside each post. Posts from
Team Telomere’s organizational account were created by staff
members, often identified in the post context (eg, executive
director, communications director, or board member). We did
not scrutinize user profiles to detect the activity of nonhuman
bots; however, in the context of the small population with this

rare disease, most users could be positively identified as human
beings from the context of their posts and history of participation
in organizational events. Post creator characteristics, including
observed gender and race, were assessed by 3 independent
coders’ perceptions of publicly available usernames and profile
images. Disagreements between coders resulted in the
characteristic being coded as “unknown.”

Uncertainty Issues, Sources, and Management Strategies
Posts were coded as uncertainty related according to 1 of the
following types: (1) uncertainty-related primary posts, (2)
uncertainty-related comments, and (3) non–uncertainty-related
posts captured within a thread where 1 or more other post was
uncertainty related. For the Facebook community group and
Twitter, posts identified as uncertainty-related primary posts or
comments were further analyzed to determine the presence or
absence of sources (ambiguity, complexity, and probability),
issues (scientific, personal, and practical), and attributes of
uncertainty management strategies (ignorance focused,
uncertainty focused, response focused, and person focused).
We defined sources of uncertainty as insufficient, unreliable,
or contradictory information (ambiguity); information features,
such as multiple or interacting causes and effects that make a
phenomenon difficult to understand (complexity); and
fundamental randomness or indeterminacy of a phenomenon
that makes outcomes unpredictable (probability). We defined
issues of uncertainty as pertaining to the causes, diagnosis,
prognosis, or management of disease (scientific); the impact of
disease on aspects of personal life (personal); and logistical
issues related to health care or disease management (practical).
Although the data did not allow assessment of intent to manage
uncertainty, we searched posts to identify evidence of
management strategies with ≥1 of the following attributes: (1)
providing or seeking information to fill knowledge gaps
(ignorance focused), (2) reducing or increasing attention to
unknowns to gain or relinquish a sense of control (uncertainty
focused), (3) ameliorating the adverse psychological effects of
uncertainty (response focused), and (4) fostering interpersonal
relationships to engage with uncertainty as a shared experience
(person focused).

Social Support
Posts were categorized as containing social support through
qualitative coding by 3 independent reviewers (EP, HR, and
PKJH) following definitions developed over decades of research
in social support theory [14,59,60]. Dichotomous variables were
assigned to indicate the presence or absence of social support
and the presence or absence of specific types of support within
4 domains (appraisal, emotional, informational, and
instrumental). These domains were defined as (1) giving or
receiving evaluative feedback (appraisal); (2) giving or receiving
indicators of care, love, appreciation, empathy, or sympathy
(emotional); (3) giving or receiving knowledge (informational);
and (4) giving or receiving tangible support (instrumental), as
recently formulated by Holt-Lunstad and Uchino [14].
Assignment to social support domains was not mutually
exclusive.
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Relationship Between Social Support and Uncertainty
We examined the relationship between social support and
uncertainty by comparing frequencies and chi-square tests. Posts
were coded as dichotomous variables for uncertainty
(uncertainty related, non–uncertainty related), uncertainty
subtypes (presence or absence), and social support subtypes
(presence or absence). We examined the frequencies of social
support subtypes in uncertainty-related posts overall, by social
media platform (Facebook community group and Twitter) and
by post type (primary post or comment). We performed
chi-square tests to determine the strength of the relationship
between uncertainty-related posts and social support across
platforms and for uncertainty-related posts by post type (primary
post, comment, thread) and issue subtype (scientific, personal,
practical).

Popularity and Engagement
Popularity on the Facebook community group, Facebook main
page, and Twitter was defined as the sum of comments, likes,
and shares. Engagement was defined separately for social media
types (Facebook community group and Facebook main page vs
Twitter) owing to differences in user tracking approaches
between Facebook and Twitter platforms. Facebook engagement
was defined as the sum of conversations (number of responses
generated by a post or comment), voices (number of unique
users responding to a post or comment), and depth (number of
back-and-forth responses). Engagement on Twitter was defined
as the sum of detail expands (clicks to view more of the post),
profile visits, link clicks, and video views. Engagement was
also measured for the Facebook community group by examining
the proportion of users who contributed posts and post
frequencies by author.

Sentiment
Sentiment analysis was performed through manual annotation
by 2 independent coders, with differences resolved through
consensus. Posts were assigned categorical sentiment variables
according to the (1) frequency and (2) presence or absence of
keywords and emojis. Unambiguous emotion words (eg,
“happy” and “sad”) were chosen as keywords to indicate
emotional valence, as described in other studies [61,62]. The
emotional valence of emojis was assigned based on the emoji
definition in internet-based emoji dictionaries and validated by
a coder review of the emoji within the post context (Multimedia
Appendix 3).

Results

Post Characteristics
A total of 2760 posts created on all platforms between June
2019 and December 2021 were included in this study. Across
all platforms, most posts were created either by the executive
director of Team Telomere or by individual users who were
primarily identified as White, female, and parents of children
affected by TBDs. Post characteristics differed by platform: on
Twitter, most posts (368/434, 84.8%) were primary posts, most
of which (384/434, 88.5%) were generated by the executive
director of Team Telomere; Facebook main page posts were
either primary posts (800/1815, 44.08%) or first-level comments
(1014/1815, 55.87%) created by Team Telomere (860/1815,
47.38%) or individual users (955/1815, 52.62%); and on the
Facebook community group, most posts (403/511, 78.9%) were
comments to primary posts, in sometimes lengthy (up to 8 level)
conversation threads created by 67 individual users (502/511,
98.2%). Posts across all platforms were written almost
exclusively in English (Table 2).
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Table 2. Characteristics of posts on Team Telomere’s social media from June 2019 to December 2021 (N=2760).

Twitter (n=434), n (%)Facebook main page (n=1815), n (%)Facebook community group (n=511), n (%)

Post type

368 (84.8)800 (44.1)108 (21.1)Primary post

66 (15.2)1015 (55.9)403 (78.9)Comment

Language

434 (100)1807 (99.6)487 (95.3)English

0 (0)8 (0.4)4 (0.8)Othera

0 (0)0 (0)17 (3.3)Image only

Creator type

385 (88.7)861 (47.4)8 (1.6)Team telomere

49 (11)954 (52.6)503 (98.4)Individual

Observed creator sexb

5 (10)69 (7.2)25 (5)Male

41 (83.7)885 (92.8)478 (95)Female

3 (6.1)1 (0.1)0 (0)Unknown

Observed creator raceb

40 (81.6)766 (80.3)443 (88.1)White

6 (12.2)30 (3.1)46 (9.1)Otherc

3 (6.1)158 (16.6)14 (2.8)Unknown

Observed creator telomere biology disorder relationshipb,d

1 (2)42 (4.4)65 (12.9)Patient

14 (28.6)384 (40.3)428 (85.1)Parent

10 (20.4)31 (3.2)3 (0.6)Medical provider

22 (44.9)59 (6.2)5 (1)Othere

2 (4.1)495 (51.9)40 (8)Unknown

0 (0)126 (13.2)129 (25.6)Multiple

aRespectively by platform (Facebook community group, Facebook main page, and Twitter), “other” language included Spanish (0.2%, 0.2%, and 0%),
French (0.4%, 0.1%, and 0%). In the Facebook community group the following languages also appeared: Hebrew (0.1%), Italian (0.1%), Swedish
(0.1%), and Māori (0.2%).
bIncludes frequencies for individual creator types only; does not include Team Telomere organization (Facebook community group: n=503, Facebook
main page: n=954, and Twitter: n=49).
cRespectively by platform (Facebook community group, Facebook main page, and Twitter), “other” identified creator race and ethnicity included Latinx
(7.7%, 1.5%, and 1.4%) and Arab or Middle Eastern (1.4%, 11%, and 0%).
dFrequency does not total to 100% because of some individuals occupying multiple categories.
eRespectively by platform (Facebook community group, Facebook main page, and Twitter), “other” creator telomere biology disorder relationship
included grandparent (0%, 0.2%, and 0%), sibling (0.4%, 0.9%, and 0%), spouse (0%, 0.2%, and 0%), other advocacy organization representative (not
Team Telomere; 0%, 0%, and 40.8%), and clinical or pharmaceutical industry representative (0%, 0.1%, and 4.1%).

Qualitative Findings
Qualitative analysis of posts revealed multiple uncertainty
issues, sources, and management indicators. Issues included
diagnostic, prognostic, therapeutic, and causal uncertainties
(scientific); assembly of medical care teams, geographic or
financial constraints, and limitations to research funding and
dissemination (practical); and building “rare” identity,
communicating complex health information to children, and
reframing educational or developmental goals (personal).

Sources of uncertainty included confusing symptoms and lack
of clarity in medical advice (ambiguity); the TBD impact of
TBD on multiple organ systems, managing medications or
screening regimens, emotional confusion, and achieving
scientific literacy across different medical specialties
(complexity); and prognostic outcomes, behavioral health risks,
or genetic inheritance (probability). Attributes of uncertainty
management strategies included (1) information seeking,
participation in research, and connection to trusted information
sources and care providers (ignorance focused); (2) ordering
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multiple uncertainties through categorization, prioritization,
and sequential narratives, including counting of survival days
since transplant (uncertainty focused); (3) sharing positive
emotions, portraying TBD experience as a source of strength,
and encouraging relaxation (response focused); and (4)
promoting a TBD community identity by creating a community

mascot (a unicorn named “Tillymere”), recognizing
community-specific celebrations (TBD month and transplant
anniversaries), providing TBD-pride identifiers (T-shirts and
swag), and making reference to Team Telomere as a “family”
(person focused; Table 3).
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Table 3. Uncertainty in telomere biology disorder (TBD) social media.

Post text

Sources of uncertainty

Ambiguity • “This is a tough one! One of those maybe/maybe not symptoms...I often ask myself the same questions about my
daughter’s more obscure symptoms.” [FBCG218304.21.07.30]

• “Pre-lung # transplantation patients with # pulmonary # fibrosis who have short # telomeres may need different #
clinical care...” [TWT180100.19.06.11]

Complexity • “[Name] is having kidney, heart, and lung problems. Oh, and who can forget the liver? This week has been too long
at the hospital” [FBCG2110000.21.11.23]

• “# DYK Those with # telomere biology disorders may be especially vulnerable to the effects of taking multiple
medicines at the same time and may respond to medications differently.” [TWT186700.19.11.14]

Probability • “80% of patients diagnosed with dyskeratosis congenita will experience bone marrow failure.” [TWT185500.19.11.04]
• “5 out of 6 of the cell lines tested were less than 1%. And when that’s the case, patients have a 10-20% chance of

getting cancer...” [FBCG203500.20.09.08]
• “A recent publication advises against an elective eye surgery in patients with DC due to higher long-term risks caused

by delayed healing...” [TWT182100.19.08.25]

Issues of uncertainty

Scientific • “Has anybody experienced hearing loss with connection to short telomere length?” [FBCG218300.21.07.30]
• “Has anyone had kidney problems outside of BMT? Are there any articles anyone has seen on kidneys and short

telomeres?” [FBCG2110000.21.11.23]

Practical • “At the moment [Name] has 1-2 appointments each week. Add to that emails to/from paediatrician, calls from hospital
to change/confirm appointments...It’s overwhelming some weeks. And I’m usually doing all this from work. We are
also applying for different supports...so lots of forms, phone calls and emails!” [FBCG204305-8.20.10.13]

Personal • “It’s # PFMonth, and we want you to know you have a team surrounding you...” [TWT1816000.20.09.04]
• “TBDs are not just a pediatric disease.Affected adults with a # raredisease, you are NOT ALONE!”

[TWT183100.19.09.21]
• “Another milestone reached. This time five years ago as we celebrated [Name]’s 5th birthday we were also getting

ready to go to transplant two weeks later. Yesterday we celebrated the big 10...” [FBCG201300.20.06.27]

Focus of uncertainty management

Ignorance • “Wondering if anyone with DC had a dental implant post-transplant...? And did your medical team have any concerns
or recommendations?” [FBCG215500.21.01.05]

• “Hello—any contraindications to getting COVID 19 vaccine if you have DC?” [FBCG217100.21.04.04]
• “Do you have a copy of the clinical guidelines?” [FBCG203509.20.09.08]
• “Take time to learn more about #Telomere Biology Disorders through our informational video!”

[TWT1822100.21.11.04]

Uncertainty • “Each Family Story is set up so you can find a connection via gene or experience.” [FBCG204400.20.10.29]
• “My daughter has yearly bone marrow biopsies, lung and liver screenings. ENT and skin checks for cancer.” [FBCG

203513.20.09.08]
• “I’ve been preparing something for the new school trying to give them what her medical challenges are.”

[FBCG219900.21.11.16]

Response • “Our family is celebrating today! [Name]’s Happy 8th bone marrow transplant anniversary!” [FBCG203300.20.08.24]
• “Fitting for us all: it wasn’t the trauma that made you strong, kinder, and more compassionate. It’s how you handled

it. That credit is yours.” [FBCG216200.21.02.28]
•

“Join@sixnwstevies as she teaches yoga for research... ” [TWT1822600.21.03.16]

Person • “Thank goodness for social media otherwise it would be very isolating.” [FBCG203821.20.09.25]
• “Don’t forget to register for our Young Adult Meetup...” [TWT1814300.20.06.23]
• “[Name] it’s never ending, I hope you find a way to take care of you” [FBCG204307.20.10.13]
• “You are in great hands but always happy to connect with [Provider Name]” [FBCG203504.20.09.08]
• “Check out # tillymere! All # sparkly and ready for # TBDmonth!” [TWT185400.19.11.04]
• “We have all known the long loneliness and we have learned that the only solution is love and that love comes with

community. – Dorothy Day” [TWT1816300.20.09.12]
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Uncertainty Issues, Sources, and Management
Strategies
Content analysis revealed that 45.98% (1269/2760) of posts
overall were uncertainty related, although the frequency differed
by platform (Facebook main page: 691/1715, 40.29%; Facebook
community group: 155/511, 30.3%; and Twitter: 210/434,
48.4%). Most uncertainty-related posts on Facebook community
group and Twitter were generated by Team Telomere’s
organizational profile (332/511, 65% and 353/434, 81.3%,
respectively) and were often similar in topic, wording, and
image content. In the Facebook community group, all
uncertainty-related posts were generated by individual users,
including a portion (119/511, 23.3%) posted by Team
Telomere–affiliated volunteer group moderators.

Owing to low frequency of community-generated uncertainty
content on the Facebook community group and Twitter,
compared with the Facebook community group, we decided to
code uncertainty subtypes only within the Facebook community
group and Twitter to compare how medical uncertainty was
expressed on social media by 2 contrasting content creator

groups (community members vs advocacy organization).
Scientific uncertainty was the most common issue on both
platforms (305/434, 70.3% to 429/511, 84%). On Twitter,
personal uncertainty was more frequently discussed, whereas
in the Facebook community group, practical uncertainty was
more frequent. Across platforms, most posts (1713/2760,
62.07%) had multiple sources of uncertainty, and a substantial
number of posts (1126/2760, 40.8%) were coded as emerging
from the combined information features of probability,
complexity, and ambiguity. The most common attributes of
uncertainty management styles detected on both platforms were
requests or offers of information to fill knowledge gaps
(ignorance focused) and offers of emotional support or
community building (person focused). Response-focused
management style attributes (eg, yoga and meditation classes)
were marginally more frequent on Twitter compared with the

Facebook community group (χ2
1=3.9; P=.05), but on the

Facebook community group, indicators of uncertainty-focused
management (eg, strategies for organization of care logistics)

were more frequent compared with Twitter (χ2
1=55.1; P<.001;

Table 4).

Table 4. Characteristics and frequency of uncertainty-related posts on Team Telomere’s Facebook community group and Twitter (N=2760).

P valueChi-square (df)aTwitter (n=210), n (%)Facebook community group (n=156), n (%)

Issue

<.00116.6 (1)111 (52.9)48 (30.8)Personal

.0029.2 (1)23 (11)35 (22.4)Practical

.00711.4 (1)148 (70.5)131 (84)Scientific

——a59 (28.1)53 (34)Multiple

Source

<.00117.6 (1)80 (38.1)81 (51.9)Ambiguity

<.00120.8 (1)75 (35.7)81 (51.9)Complexity

<.00171.3 (1)81 (38.6)112 (71.8)Probability

——77 (36.7)88 (56.4)Multiple

Management attributes

.161.9 (1)156 (74.3)124 (79.5)Ignorance focused

.063.6 (1)125 (59.5)106 (67.9)Person focused

.053.9 (1)100 (47.6)57 (36.5)Response focused

<.00155.1 (1)10 (4.8)53 (34)Uncertainty focusedb

——131 (62.4)106 (67.9)Multiple

aChi-square tests were not performed for issues, sources, or management attributes assigned to multiple categories.
bUncertainty thread includes non–uncertainty-related posts captured in a thread where ≥1 other posts were uncertainty related.

Facebook Social Support and Uncertainty
Frequent overlap of social support and uncertainty was found
across all platforms, with uncertainty-related posts being more
likely to contain social support compared with

non–uncertainty-related posts (χ2
1=70.7; P<.001). However,

within social support subtypes, only informational support
remained significantly more frequent within uncertainty-related

posts (χ2
1=486.0; P<.001), whereas emotional support was

significantly less frequent in uncertainty-related posts (χ2
1=66.5;

P<.001) compared with non–uncertainty-related posts. The
relationship between informational support and uncertainty
remained significant for all social media types, but the
relationship between emotional support and uncertainty differed
by platform (Multimedia Appendix 4). Emotional support was
significantly more frequent in uncertainty-related posts for the
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Facebook community group (χ2
1=7.8; P=.005), was significantly

less frequent in uncertainty-related posts on the Facebook main

page (χ2
1=79.5; P<.001), and had no relationship with

uncertainty-related posts on Twitter (χ2
1=0.5; P=.47).

On all platforms, uncertainty-related posts were more frequently
offers of support than requests. When requests occurred, they
were more likely to appear on the Facebook community group

compared with Twitter (χ2
1=12.7; P<.001). Posts that were not

uncertainty related but appeared in an uncertainty-related thread
frequently contained offers of emotional support.

Given the greater variation in types and direction (offer vs
request) of social support in the Facebook community group,
we decided to focus on subsequent analyses of the relationship
between social support and uncertainty subtypes on this
platform. Analysis of social support in the Facebook community
group posts by uncertainty issue found that informational
support was offered more frequently in response to scientific
and practical uncertainty posts compared with personal
uncertainty posts. Informational support was also the most
frequent type of support requested and offered across uncertainty
source types in the Facebook community group; however,
uncertainty posts emerging from probability concerns had
similar frequencies of emotional and informational support
(320/511, 62.6% and 511/836, 61.1%, respectively). This was
particularly true in the case where a post had multiple
uncertainty sources, which were more likely to be coded as
informational support offers or requests compared with posts

with only a single uncertainty source (χ2
1=90.4; P≤.001).

Popularity and Engagement
Popularity and engagement were positively skewed toward
lower values across all social media types. Popularity was
highest for posts on Twitter (Facebook community group:
median 1, range 0-55, mean 4, SD 7.5; Facebook main page:
range 0-151, median 1, mean 5.9, SD 13.3; and Twitter: range
0-1147, median 13, mean 28.8, SD 76.6). However, engagement
was higher in the Facebook community group than on the
Facebook main page or Twitter (Facebook community group:
range 0-29.6, median 0.54, mean 2.15, SD 4.0; Facebook main
page: median 0.0006, range 0-0.09, mean 0.004, SD 0.008; and
Twitter: median 0.007, range 0-0.56, mean 0.02, SD 0.04). Most
uncertainty-related posts were categorized as having
below-median popularity and engagement. The
uncertainty-related post with the highest engagement was a
question about kidney issues and telomere length posted on
Facebook community group by a parent of a child with TBDs,
which generated 12 comments from 6 unique users, including
a self-identified medical expert. The nonnormal distribution
combined with low (<20) frequency in cross-tabulation groups
made it ineffective to analyze the relationships between the
presence of social support and popularity or engagement
(Multimedia Appendix 5).

In the Facebook community group, posts were created by 67
unique individuals, representing 35.8% (183/511) of all group
members. Frequency per user was positively skewed toward
lower numbers (range 1-94 posts and median 3 posts), and the

majority of post creators (343/511, 67.1%) generated ≤5 posts.
Although Team Telomere rarely posted directly on the Facebook
community group (8/511, 1.6% posts), the top 2 post creators
(156/511, 30.5% posts) were identified as White, female, parents
of children affected by DC who were also group moderators for
Team Telomere. After removing the moderators, the remaining
median post frequency was 3 posts per user, with 22.3%
(114/511) of the users creating only a single post.

Sentiment
The majority of posts (2208/2760, 80%) on all social media
types were categorized as positive sentiment. Negative sentiment
was rarely expressed and was more likely to be expressed on

Facebook compared with Twitter (χ2
1=45.4; P<.001).

Uncertainty-related posts demonstrated a similarly high
frequency of positive sentiment across all social media types
(Facebook community group: 433/511, 84.7%; Facebook main
page: 1495/1815, 82.37%; and Twitter: 328/434, 75.6%;
Multimedia Appendix 6).

Discussion

Principal Findings
In this study, we explored the use of TBD social media to
express health-related uncertainty. We found that uncertainty
was a frequent focus of TBD social media across platforms but
was primarily limited to scientific issues, requests for
informational support, and offers of emotional support, with
most posts generated by White, female, English-speaking parents
of children with TBDs. These findings are in keeping with other
research on rare disease internet-based communities, which
found that post content focused on biomedical questions and
emotional support provision [63] and was frequently created
by White, female users [40,63-65].

The high frequency of uncertainty-related posts on TBD social
media created by female caregivers suggests a potentially higher
burden of uncertainty management among mothers, which is
in agreement with the extensive literature documenting the
psychosocial burden of childhood illness on female caregivers
[66-68]. However, the observed demographics of TBD social
media users may also be an artifact of greater social media
engagement among this group, as previous research suggests
that female users frequently rely on internet-based communities
for navigating uncertainty related to motherhood and other
sex-specific health topics [69,70]. Additional research is needed
to investigate the relative burden of medical uncertainty among
female care providers and to understand the potential barriers
to internet-based community formation for users outside this
identity group.

Despite the multiplicity of identified uncertainty sources, issues,
management, and social support strategies, we found that
scientific uncertainty, informational support, and emotional
support were the predominant features of uncertainty-related
posts on TBD social media. The high frequency of scientific
uncertainty issues across platforms suggests that limited
scientific and medical knowledge is a salient concern for the
TBD community. Gaps in scientific knowledge likely contribute
to the focus on probability as a source of uncertainty in TBD
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social media posts, especially concerning matters such as
prognosis, diagnosis, and symptom experiences. Informational
support was the most common form of social support in
uncertainty-related posts overall, which is in line with other
studies showing information seeking as the principal motivator
for participation in disease-specific social media [24,26,71-73].
The high frequency of emotional support suggests the potential
for TBD social media to enable uncertainty management through
person-focused strategies, such as community building,
networking, and relationship formation, as seen in other rare
disease contexts [24,72]. In addition, evidence of positive
asynchronous internet-based communication as a form of
“cybertherapy” [32,44] suggests that the emotionally supportive
culture of TBD social media may provide psychological benefits
for peers, even without explicit conversations about the personal
burden of uncertainty. In addition, items coded as emotional
support (eg, emoji hearts) that appeared in response to a variety
of uncertainty-related content may have communicated multiple
forms of support (eg, care, approval, agreement, or affinity) and
may be a common reaction to intractable sources of uncertainty,
such as probabilistic and scientific unknowns surrounding TBDs.
Further exploration of the complex, dynamic, and potentially
interactive relationships between social support and uncertainty
on social media may be a fruitful area of investigation for future
studies.

Given the evidence of the high psychosocial burden of personal
uncertainty in similar rare disease contexts [18,36,74,75], it is
surprising that the mental and emotional impacts of uncertainty
appeared infrequently in TBD social media discussions. When
these topics did arise, they were more likely to appear on Twitter
content generated by Team Telomere, as opposed to within the
conversations of individual users. In the Facebook community
group, the impact of uncertainty on personal life was commonly
presented in terms of practical issues and focused on ordering
uncertainty, such as providing lists of symptoms, organizing
information and screening schedules, and triaging problems.
This suggests that despite the frequent focus on personal
uncertainty issues by Team Telomere, most individual users
engaged with TBD social media to troubleshoot and strategize
practical issues, rather than to discuss the impact of uncertainty
on areas of psychosocial well-being, such as personal identity,
goals, or values. This is also reflected in the positive sentiment
valence and rare expression of negative emotion on TBD social
media, which suggest that social media may not be perceived
as a “safe space” for exploring personal topics beyond
surface-level stressors [23]. Future research is needed to
investigate the shortcomings of social media for expressing
personal uncertainty and painful emotions and may highlight a
need for psychosocial support to fill this gap in TBD community
resources.

Our finding that uncertainty-related support varied by platform
could be explained by differences in the structure and
expectations of engagement inherent to Twitter compared with
the Facebook community group. The predominance of emotional
support and greater overall user engagement in the Facebook
community group suggests that internet-based platforms
structured for mutual conversational exchange may have the
most utility for psychosocial support delivery. In addition, the

Facebook community group may have encouraged more
community participation owing to user familiarity with the
platform and its explicit creation for supportive internet-based
connection in the context of COVID-19 isolation. Similarly,
the nature of the Twitter platform, which is limited to one-way
communication streams, suggests that uncertainty management
and social support on Twitter would be limited to information
provision. However, recent research indicates that Twitter
retweets and endorsements may be effective methods for
receiving and providing emotional support [76]. The formation
of the Facebook community group and the use of Twitter to
encourage community activities (eg, webinars and internet-based
meetups) underscores the potential of these platforms in
person-focused uncertainty management, but additional research
is required to evaluate the capacity of TBD social media to build
health-promoting personal relationships.

Although we found substantial potential for social media to
deliver support for uncertainty management, analysis of
engagement rates demonstrated that the primary function of
TBD social media was a “drop-in” source of information.
Although the Facebook community group included some
multilevel, ongoing conversations, an analysis of posts within
this group revealed that most user engagement was limited to
single posts, suggesting quick check-ins or requests for answers
to targeted questions, not ongoing social connection. Although
low engagement may suggest limited supportive utility of TBD
social media, findings from previous research with young adults
with cancer showed that support delivered via social media
benefited a variety of users, including those actively seeking
deep connections, those seeking information only, and those
who do not actively participate but frequently observe the
conversation of others (eg, “lurkers”) [77]. As suggested by
other research, any benefit from engagement with social media
likely varies over time and may be most pronounced during
experiences of novelty or discrepancy in diagnosis, treatment,
or prognosis [28,48,63]. The uncertainty-related post that
generated the highest engagement involved the participation of
a medical expert, suggesting a desire among TBD social media
users to engage with clinicians on internet-based platforms that
facilitate reciprocal information exchange, including both
synchronous (eg, internet-based group meetings) and
asynchronous (eg, post exchanges) formats. Further research is
needed to understand the motivations, perceived benefits, and
perceived barriers to participation in TBD internet-based support
platforms, including the perspectives of patients, caregivers,
and medical providers.

Limitations
The limitations of our study include the use of social media
data, which biases our sample toward active social media users
who may have higher levels of distress [64], greater
disenchantment with medical care [78], or lower perceived
social support [79] compared with patients with TBDs and their
families who do not actively use social media. Demographic
analysis revealed that our sample of posts was generated
primarily by White females, parents of patients with TBDs, or
representatives of Team Telomere. This limited the
generalizability of our findings. In addition, our use of social
media posts, rather than content creators, as the unit of analysis
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precludes the observation of the longitudinal impacts of social
media participation on uncertainty management. Furthermore,
our findings allow us to infer the presence of uncertainty
management strategies on social media but not the motivations
for or effects of these activities.

In addition, our data were limited to social media that was
actively moderated by Team Telomere. This moderation activity,
which included removing posts that were inappropriate or
scientifically inaccurate, likely decreased the presence of
medical misinformation compared with unmoderated social
media content. The moderation of posts by Team Telomere
could also have impacted the range and authenticity of social
and emotional expression owing to social desirability bias. This
is in keeping with recent research challenging the assumption
that the privacy and anonymity of internet-based environments
decreases the likelihood of social desirability compared with
in-person interactions [80,81]. In addition, we did not access
the private Facebook community group maintained by Team
Telomere described as “where we share detailed and private
medical information” [57], which may contain additional
uncertainty-related posts and a wider range of social and
emotional expression. Limiting ourselves to social media owned
and maintained by Team Telomere also prevented us from
discerning the perspectives of individuals affected by TBD who
lacked knowledge of or who chose not to engage with Team
Telomere.

Finally, our study was limited by the occurrence of the
COVID-19 pandemic, first mentioned in Team Telomere social
media on February 28, 2020, which may have changed the
nature of uncertainty-related conversations or social support in
that portion of our data timeline (June 6, 2019, to December 7,
2021). To test the impact of this, we included available posts

(Twitter and Facebook main page) from 1 year before the
pandemic and tested the difference. Greater frequencies of
uncertainty-related posts after COVID-19 suggest that the
pandemic may have increased the expression of uncertainty on
TBD-related social media, thus limiting the applicability of our
findings to other time points (Multimedia Appendix 7).

Conclusions
This study found the frequent use of disease-specific social
media for the discussion and management of uncertainty in
TBDs. Uncertainty-related posts appeared across all TBD social
media platforms and communicated a burden of multiple, often
interacting sources and issues of uncertainty, particularly
focused on scientific knowledge gaps and the desire to predict
health outcomes. Posts also indicated multiple uncertainty
management attributes, with a focus on information-seeking
and community-building approaches. Uncertainty-related posts
frequently co-occurred with social support, primarily emotional
and informational. Female parents were most often the creators
of uncertainty-related posts on TBD social media, suggesting
a potentially higher burden of uncertainty management in this
population. Overall, social media provided access to a positive
emotional environment and frequent information exchange but
was limited in the type and depth of uncertainty-related
discussions. Despite these limitations, our findings suggest that
social media is a useful lens for researching and understanding
the experience of uncertainty in TBDs and holds potential as a
tool for uncertainty management. Future research is needed to
further explore the experience of medical uncertainty in TBDs
and to determine the usefulness of TBD-related social media
as a tool for improving mental health and quality of life
outcomes in this context.
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Abstract

Background: Throughout the COVID-19 pandemic, social media has served as a channel of communication, a venue for
entertainment, and a mechanism for information dissemination.

Objective: This study aims to assess the associations between social media use patterns; demographics; and knowledge,
perceptions, and self-reported adherence toward COVID-19 prevention guidelines, due to growing and evolving social media
use.

Methods: Quota-sampled data were collected through a web-based survey of US adults through the Qualtrics platform, from
March 15, 2022, to March 23, 2022, to assess covariates (eg, demographics, vaccination, and political affiliation), frequency of
social media use, social media sources of COVID-19 information, as well as knowledge, perceptions, and self-reported adherence
toward COVID-19 prevention guidelines. Three linear regression models were used for data analysis.

Results: A total of 1043 participants responded to the survey, with an average age of 45.3 years, among which 49.61% (n=515)
of participants were men, 66.79% (n=696) were White, 11.61% (n=121) were Black or African American, 13.15% (n=137) were
Hispanic or Latino, 37.71% (n=382) were Democrat, 30.21% (n=306) were Republican, and 25% (n=260) were not vaccinated.
After controlling for covariates, users of TikTok (β=–.29, 95% CI –0.58 to –0.004; P=.047) were associated with lower knowledge
of COVID-19 guidelines, users of Instagram (β=–.40, 95% CI –0.68 to –0.12; P=.005) and Twitter (β=–.33, 95% CI –0.58 to
–0.08; P=.01) were associated with perceiving guidelines as strict, and users of Facebook (β=–.23, 95% CI –0.42 to –0.043;

P=.02) and TikTok (β=–.25, 95% CI –0.5 to -0.009; P=.04) were associated with lower adherence to the guidelines (R2 0.06-0.23).

Conclusions: These results allude to the complex interactions between online and physical environments. Future interventions
should be tailored to subpopulations based on their demographics and social media site use. Efforts to mitigate misinformation
and implement digital public health policy must account for the impact of the digital landscape on knowledge, perceptions, and
level of adherence toward prevention guidelines for effective pandemic control.

(JMIR Infodemiology 2024;4:e44395)   doi:10.2196/44395
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Introduction

In March 2020, the infectious disease SARS-CoV-2, more
commonly known as COVID-19, was classified as a pandemic
[1,2]. As the virus is transmitted through the respiratory systems
of individuals in close contact, preventative measures include
wearing a facial mask, social distancing, and receiving
recommended COVID-19 vaccinations [3]. Over the course of
the pandemic, prevention recommendations changed in response
to emerging scientific evidence. Initially, a 14-day quarantine
and isolation were recommended, which was then shortened to
10 days, and was once more shortened to 5 days [3]. As of
March 2022, masks were still recommended in indoor spaces,
COVID-19 vaccinations and boosters were widely available,
and rapid self-testing was advised in response to exposure or
symptom onset [3]. In the United States, as of November 2,
2022, there have been over 97 million confirmed cases and over
1 million total deaths due to COVID-19 [4]. Despite these
prevention recommendations, case numbers continued to rise,
necessitating research into prevention efforts.

In response to social distancing recommendations, many aspects
of life shifted from physical to online environments. Adapting
to this change, most US adults (ie, 90%) indicated that digital
media was either essential or important for them throughout the
pandemic [5]. Digital media encapsulates social media as the
platforms that enable human connection in the online
environment, with varying degrees of privacy [6]. On social
media, individuals encounter and consume information,
government announcements, and reactions from other users as
they work, learn, connect, and are entertained online [7]. Popular
social media sites include Facebook, Twitter, Instagram,
Snapchat, TikTok, Pinterest, Reddit, and LinkedIn, among
others. As of 2021, a total of 72% of adults in the United States
report using at least 1 social media site, representing a 3%
increase since 2018 [8]. When stratified by age, 84% of US
adults aged 18-29 years indicate using at least 1 social media
site [8]. Of those who use Facebook, Snapchat, and Instagram,
a majority indicate visiting the platform at least once a day [9].
In considering news consumption on social media, when
stratified by age, 42% of users aged 18-29 years indicate social
media as their primary source of news [9].

With an increasing proportion of individuals active on social
media, thereby encountering COVID-19 news and information
online, there are concerns about information accuracy, where
unsourced or false information that is widely distributed
threatens the dissemination of scientifically accurate information
[7,10]. The modalities of social media (eg, concise, organized
content formats, and sharing capabilities) allow information to
quickly trend as a result of high engagement. The visibility of
trending content on social media is determined by engagement
and is often based on sensationalism rather than factual accuracy
[7]. Sensational misinformation risks reducing the visibility and
reach of reputable information [7]. Due to the saturation of
misinformation online, the United States is understood to be in
a syndemic, denoting the interactions between the COVID-19
pandemic and the infodemic. Social media, therefore, has the
capacity to serve both as a tool and a hindrance to health
communication.

Despite motivations for use, social media users are subject to
unintentionally overconsuming content related to COVID-19
due to the saturation of pandemic information online. Social
media has been preliminarily found to negatively contribute to
COVID-19 prevention guideline adherence [11]. Among US
adults, 53.3% indicate that the amount of information on
COVID-19 is overwhelming to the effect that 54.7% indicate
that it has led to their avoidance of consuming information about
COVID-19 [12]. Resembling emerging trends in the United
States, a study in Turkey indicated that 34.4% of respondents
follow COVID-19 guidelines less in the present than at the
beginning of the pandemic [13]. Fluctuations in pandemic
prevention perceptions and adherence over time can be expected,
but negative trends, regardless of their cause, necessitate
investigation and intervention to bolster commitment to
prevention guidelines to limit further pandemic-related
exposures [13]. Although a complicated mechanism with
additionally probable explanations (eg, milder virus mutations,
vaccination availability, mental health burdens, and pandemic
fatigue), these downward patterns of adherence are thought to
be partially explained by social media use (eg, misinformation
and overconsumption). The effective dissemination of scientific,
evidence-based health communication must be prioritized in
stark opposition to skepticism and disbelief, as sustained by
misinformation.

There exists a limited understanding of the associations between
demographics and frequency of social media site use and
engagement with pandemic prevention behaviors, despite the
significant risks to public health. Therefore, there is a present
and pressing need to address the field’s limited understanding
of pandemic-related knowledge, perceptions, and adherence,
as impacted online, to design effective health behavior and
communication interventions. As the emerging literature
demonstrates that content consumption impacts perceptions
and, subsequently, health behaviors, the field of health
communication must understand the compounding effects of
the online environment on COVID-19 prevention efforts [7].
This study therefore aims to investigate the associations between
the social media platforms from which individuals consume
pandemic-related information as well as their frequency of use
and their knowledge of, perceptions of, and adherence to
COVID-19 prevention guidelines.

Methods

Survey Development and Data Collection
Preliminary development of the survey involved compiling
constructs related to the topics of interest. Survey items were
then drafted to measure participant knowledge, perceptions, and
adherence toward COVID-19 prevention guidelines. The items
were then reviewed by an expert to evaluate and ensure
readability, applicability, and response options. The data were
obtained using a web-based survey fielded using Qualtrics paid,
opt-in distribution services. The data were collected from March
15, 2022, to March 23, 2022.

Ethical Considerations
The University of South Carolina’s Institutional Review Board
exempted the study (Pro00119512) from Human Research
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Subject Regulations based on its minimal risk to participants
in providing web-based survey responses. Informed consent
was obtained from all participants prior to survey completion.
All participants were compensated for their time and efforts in
completing the survey (ie, US $6).

Sample
All adults in the United States were eligible for participation,
given that they were 18 years or older at the time of survey
response. Responses that were deemed low quality based on
response speed, lack of variability in selection, or repetitive
attempts were removed before analysis to ensure data quality.
Qualtrics used quota sampling methods to ensure the collection
of a sample proportionate to that of the United States by way
of gender, age, income, race, ethnicity, and education level. The
final sample size included 1043 viable responses.

Measures

Demographics
Participant demographics collected included age, gender
identity, race or ethnicity, education, employment, income,
political affiliation, and COVID-19 vaccination status. Due to
limited representation, the American Indian or Alaska Native
and Native Hawaiian or Pacific Islander categories were
collapsed into 1 category. Age, education, employment, and
income were used as continuous variables in the regression
models. Gender identity, race or ethnicity, political affiliation,
and COVID-19 vaccination status were used as categorical
variables in the regression models.

Frequency of Social Media Use
Participants’ frequency of any social media use was measured
through the item: “About how often do you use social media
sites?” Response options ranged from several times a day, once
per day, a few times per week, once per week, less than once
per week, to never.

Social Media Sources of COVID-19 Information
Participants were asked to check all that apply to the question,
“Which of these social media sites have you used to get
information about COVID-19?” with the possible response
options of Facebook, Twitter, Instagram, Snapchat, Pinterest,
TikTok, Reddit, LinkedIn, and another social media site. The
social media sites available as response options were chosen
due to their popularity and presentation of short-form,
user-generated content. Although there exist additional social
media platforms (eg, YouTube), those chosen to be included
here have active engagement and content sharing capabilities.
Demographic profiles of the included social media sites were
not accounted for in participant sampling procedures, as it is
assumed that user bases may have fluctuated during the
pandemic. The selections of these sites were operationalized as
categorical predictors in the regression models.

Knowledge of COVID-19 Guidelines
Set forth by the Centers for Disease Control and Prevention, as
of March 2022, relevant COVID-19 guidelines were used in
crafting 4 items to assess participant pandemic-related
knowledge. The assessment evaluated respondents’ knowledge

of calculating exposure date, the minimum length of isolation
after an exposure or positive test, the percentage of alcohol in
hand sanitizer required to kill COVID-19, and what a negative
rapid test result indicates. Participants were asked to indicate
what they believe the current, official recommendations to be,
at the time of survey administration, rather than what they may
prefer them to be. These 4 items were then compiled for a final
score out of 100%. Knowledge scores of the COVID-19
prevention guidelines were used continuously in the regression
models.

Perceptions of COVID-19 Guidelines
Participants were asked to indicate the degree to which they
perceived COVID-19 prevention guidelines to be relaxed or
strict. The terminology “strict” was operationalized through
concurrent dimensions that encapsulate participant responses
to legal and scientific guidelines as well as enforcement. As
perceptions of COVID-19 guidelines were assessed after the
knowledge assessment, the guidelines were not explicitly
defined but rather assumed to encapsulate mask-wearing,
gathering size limitations, hygiene measures, as well as
quarantine and isolation timelines. This ordering provided
participants with context as to what the term “guidelines”
referred to. Participants were asked: “Do you consider the
current COVID-19 guidelines as:” with the response options
ranging from too strict, a little too strict, about right, a little too
relaxed, to too relaxed.

Adherence to COVID-19 Guidelines
Adherence to COVID-19 guidelines was evaluated by asking
participants if they generally follow the official COVID-19
prevention guidelines, with the available response options of
strongly, sometimes, rarely, and never follow the guidelines.
This item provided an average, typical measure of self-reported
participant adherence to COVID-19 guidelines, broadly. Given
the state of the pandemic, this item was reliant upon participant
understanding of guidelines in the organizations and institutions
to which they belong (ie, schools and workplaces).

Statistical Analysis
All statistical analyses were conducted using the statistical
analysis software, SAS (version 9.4; SAS Institute). Descriptive
analyses were conducted for key predictors. All data were
screened for outliers, missing data, and normality. As all data
used in this study was collected through discrete response
options, excluding age, their distributions were considered to
assess the presence of outliers. This was done by considering
the frequency of responses within available options through
histograms and box plots, as applicable. Those categories that
were lower in response volume were collapsed (eg, race or
ethnicity response of American Indian or Alaska Native and
Native Hawaiian or Pacific Islander) or excluded from the
analysis before modeling (eg, gender identity response option
of nonbinary). Data quality was ensured as Qualtrics excluded
participants who did not complete the survey in a single session,
who were not continuously and carefully responding, who
missed embedded attention checks, or who completed the survey
in less than a third or more than 3 times the median time it took
other participants to complete the survey. Due to the use of
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these features, respondents who did not complete the survey
were not tracked. No systematic patterns of missing data within
the data collected, or between variables, were observed. There
is limited item nonresponse. Bivariate associations were assessed
through ANOVA and Pearson correlation tests, as appropriate.
Three generalized linear regressions, using a maximum
likelihood estimation procedure, were conducted, independently,
to explore associations between social media use and
demographics and knowledge, perceptions, and self-reported
adherence toward prevention guidelines, respectively. Although
the 3 outcomes of knowledge, perceptions, and self-reported
adherence were run independently, their theoretically dependent
nature led us to consider implementing a correction (ie,
Bonferroni), but as it resulted in a minimal impact on our
findings, the traditional α level of .05 was here used to evaluate
our findings.

Results

Overview
Of the 1043 participants, the median age of participants was
45.3 years (Table 1). The distribution of the gender identity of
the participants was split approximately equally between men
(515/1032, 49.9%) and women (513/1032, 49.71%), with few
participants indicating being nonbinary or transgender. The race
or ethnicity of participants was primarily White (696/1042,
66.79%), followed by Latino or Hispanic (137/1042, 13.15%)
and Black or African American (121/1042, 11.61%). A quarter
(253/1042, 24.28%) of participants held a bachelor’s degree
and approximately a quarter (269/1042, 25.82%) of participants
indicated earning US $50,000-US $79,999 annually. Finally,
almost half (498/1040, 47.88%) of the participants had received
a full vaccination series and booster against COVID-19.
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Table 1. Demographic characteristics of study participants (N=1043).

Values, n (%)Variables

45.3 (16.94)Age (years;1 participant’s data are missing), mean (SD)

Gender (11 participants’ data are missing)

515 (49.9)Men

513 (49.71)Women

4 (0.39)Nonbinary or other

Race or ethnicity (check all that apply; 1 participant’s data are missing)

121 (11.61)Black or African American

137 (13.15)Latino or Hispanic

22 (2.11)American Indian or Alaska Native and Native Hawaiian or Pacific Islander

696 (66.79)White

66 (6.33)Other

Education (1 participant’s data are missing)

25 (2.4)Less than high school degree

248 (23.8)High school graduate or equivalent

248 (23.8)Some college but no degree

123 (11.8)Associate degree

253 (24.28)Bachelor’s degree

112 (10.75)Master’s degree

33 (3.17)Doctoral or professional degree (JD, MD, or PhD)

Employment status over the last 3 months (6 participant’s data are missing)

499 (48.12)Working full-time

132 (12.73)Working part-time

74 (7.14)Unemployed and looking for work

70 (6.75)Homemaker or stay-at-home parent

35 (3.38)Student

200 (19.29)Retired

27 (2.6)Other

Previous year income (US $; 1 participant’s data are missing)

56 (5.37)Less than 10,000

58 (5.57)10,000-19,999

96 (9.21)20,000-29,999

87 (8.35)30,000-39,999

70 (6.72)40,000-49,999

117 (11.23)50,000-59,000

70 (6.72)60,000-69,999

82 (7.87)70,000-79,999

47 (4.51)80,000-89,999

51 (4.89)90,000-99,999

215 (20.63)100,000-149,999

93 (8.93)150,000 or more

Political affiliation (30 participants’ data are missing)

306 (30.21)Republican
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Values, n (%)Variables

382 (37.71)Democrat

325 (32.08)Independent

COVID-19 vaccination status (3 participant’s data are missing)

260 (25)No

282 (27.12)Yes, but no booster

498 (47.88)Yes, including booster

Social Media Site Use
Participants reported using, generally or for any reason, the
social media sites Facebook (835/1042, 80.13%), Twitter
(396/1042, 38%), Instagram (586/1042, 56.24%), Snapchat
(329/1042, 31.57%), Pinterest (320/1042, 30.71%), TikTok
(401/1042, 38.48%), Reddit (208/1042, 19.96%), LinkedIn
(254/1042, 24.38%), or another social media site (69/1042,
6.62%). Further, participants reported accessing COVID-19
information using the social media sites Facebook (604/1042,
57.97%), Twitter (220/1042, 21.11%), Instagram (258/1042,
24.76%), Snapchat (85/1042, 8.16%), Pinterest (59/1042,
5.66%), TikTok (129/1042, 12.38%), Reddit (84/1042, 8.06%),

LinkedIn (72/1042, 6.91%), and another social media site
(42/1042, 4.03%).

Table 2 presents the results of the bivariate analyses. Pearson
correlations suggest that the demographic variables of age,
education, and income were correlated with the prevention
mitigation outcomes of guideline knowledge, perceptions, and
self-reported adherence. The ANOVA suggests that political
affiliation was correlated with all 3 outcomes while gender, race
or ethnicity, and COVID-19 vaccination status were correlated
with prevention guideline perceptions and self-reported
adherence. Social media sites used to consume COVID-19 news
were correlated with self-reported adherence. Employment and
regularity of social media use were not correlated with the
outcomes of interest.
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Table 2. Bivariate analysis results.

OutcomesVariable

Self-reported adherencePerceptionsKnowledge

Age

0.08–0.140.09r

.01<.001.006P value

Education

0.110.0010.11r

<.001.97<.001P value

Employment

0.04–0.030.02r

.21.27.48P value

Income

0.04–0.080.15r

.17.007<.001P value

Gender

5.276.430.38ANOVA (F)

.02.01.54P value

Race or ethnicity

3.8512.662.36ANOVA (F)

.004<.001.051P value

Political affiliation

49.8794.136.23ANOVA (F)

<.001<.001.002P value

COVID-19 vaccination status

69.8523.882.7ANOVA (F)

<.001<.001.07P value

Site for COVID-19 news

2.891.642.07ANOVA (F)

.01.15.07P value

Regularity of social media use

1.231.210.53ANOVA (F)

.29.30.75P value

Knowledge of COVID-19 Guidelines
Indicating the level of knowledge related to COVID-19
prevention guidelines, the possible scores participants could
receive included 100% (n=14, 1.4%), 75% (n=112, 10.9%),
50% (n=429, 41.7%), 25% (n=368, 35.7%), or 0% (n=107,
10.4%) correct. Model 1 (Table 3) suggests that income,
Democratic political affiliation, and use of the social media
platform TikTok were associated with COVID-19 prevention
guideline knowledge. Specifically, as income (β=.03, 95% CI

0.005-0.05; P=.02) increased, it was found to be associated with
a higher level of knowledge of COVID-19 guidelines.
Democratic political affiliation (β=–.21, 95% CI –0.37 to
–0.057; P=.008) was found to be negatively associated with
guideline knowledge. Using TikTok as a source of COVID-19
information (β=–.29, 95% CI –0.58 to –0.004; P=.047) was
associated with a lower level of knowledge. This model
explained 6% of the variance in knowledge of COVID-19
guidelines.
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Table 3. Regression results for knowledge, perceptions, and self-reported adherence.

Model 3: self-reported adher-

encea
Model 2: perceptionsaModel 1: knowledgeaIndependent variables (reference)

P valueβ (95% CI)P valueβ (95% CI)P valueβ (95% CI)

.07.004 (–0.0004 to
0.008)

.007b–.007 (–0.01 to
–0.002)

.51.002 (–0.003 to
0.007)

Age

Gender (men)

.008b.15 (0.04 to 0.26).02b.16 (0.02 to 0.3).69.026 (–0.1 to
0.15)

Women

Race or ethnicity (White)

.02b.21 (0.03 to 0.39).24.14 (–0.09 to
0.36)

.66–.048 (–0.26 to
0.16)

Black or African American

.001b.27 (0.11 to 0.43).007b.28 (0.08 to 0.49).41–.079 (–0.27 to
0.11)

Hispanic or Latino

.16.32 (–0.13 to 0.77).002b.92 (0.35 to 1.49).79.072 (–0.45 to
0.6)

American Indian or Alaska Native and Native
Hawaiian or Pacific Islander

.19.14 (–0.07 to 0.36).63.07 (–0.21 to
0.34)

.49–.09 (–0.35 to
0.17)

Other

.95.001 (–0.039 to
0.04)

.56–.015 (–0.065 to
0.036)

.17.03 (–0.014 to
0.079)

Education level

.78.005 (–0.027 to
0.036)

.95–.001 (–0.04 to
0.038)

.13.029 (–0.008 to
0.066)

Employment

.13–.015 (–0.03 to
0.004)

.02b–.03 (–0.053 to
–0.005)

.02b.03 (0.005 to
0.05)

Income

Political affiliation (independent)

.001b–.23 (–0.37 to
–0.09)

<.001b–.5 (–0.67 to
–0.33)

.15–.12 (–0.28 to
0.04)

Republican

.01b.17 (–0.04 to 0.31)<.001b.34 (0.17 to 0.5).008b–.21 (–0.37 to
–0.057)

Democrat

COVID-19 vaccination status (yes, but no booster)

.003b–.22 (–0.36 to
–0.07)

.02b–.22 (–0.4 to
–0.04)

.99.00 (–0.17 to
0.17)

No

<.001b.32 (0.19 to 0.45)<.001b.31 (0.15 to 0.48).78.02 (–0.13 to
0.18)

Yes, including booster

Site for COVID-19 news (Reddit)

.02b–.23 (–0.42 to
–0.043)

.06–.23 (–0.47 to
0.009)

.45–.086 (–0.31 to
0.14)

Facebook

.05–.22 (–0.44 to
0.0026)

.005b–.40 (–0.68 to
–0.12)

.84–.026 (–0.28 to
0.23)

Instagram

.10–.33 (–0.71 to
0.057)

.49–.17 (–0.66 to
0.31)

.38.21 (–0.26 to
0.68)

Snapchat

.04b–.25 (–0.5 to
–0.009)

.06–.29 (–0.6 to
0.016)

.047b–.29 (–0.58 to
–0.004)

TikTok

.43–.08 (–0.28 to
0.12)

.01b–.33 (–0.58 to
–0.08)

.90.015 (–0.22 to
0.25)

Twitter

Regularity of social media use (less than once per week)

.22–.24 (–0.62 to
0.14)

.37–.22 (–0.71 to
0.27)

.24.27 (–0.18 to
0.71)

Several times per day

.27–.23 (–0.63 to
0.18)

.66–.12 (–0.63 to
0.4)

.52.16 (–0.32 to
0.63)

Once per day

.47–.16 (–0.58 to
0.27)

.91–.03 (–0.57 to
0.5)

.43.2 (–0.29 to 0.69)A few times per week
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Model 3: self-reported adher-

encea
Model 2: perceptionsaModel 1: knowledgeaIndependent variables (reference)

P valueβ (95% CI)P valueβ (95% CI)P valueβ (95% CI)

.92–.03 (–0.7 to 0.63).60–.23 (–1.07 to
0.62)

.16–.55 (–1.33 to
0.22)

Once per week

aR2 values of models 1-3 are 0.06 (knowledge), 0.23 (perceptions), and 0.19 (self-reported adherence) respectively.
bP values indicate statistical significance at the α=.05 level.

Perceptions of COVID-19 Guidelines
Model 2 (Table 3) suggests that age, gender, Hispanic or Latino
populations, American Indian or Alaska Native populations,
income, political affiliation, COVID-19 vaccination status, and
the use of the social media sites Instagram and Twitter were
associated with perceptions of COVID-19 prevention guidelines.
As age (β=–.007, 95% CI –0.01 to –0.002; P=.007) increased,
it was found to be associated with a perception of the guidelines
as strict. Women (β=.16, 95% CI 0.02-0.3; P=.02) were
associated with perceiving the guidelines as relaxed. Hispanic
or Latino (β=.28, 95% CI 0.08-0.49; P=.007) and American
Indian or Alaska Native and Native Hawaiian or Pacific Islander
(β=.92, 95% CI 0.35-1.49; P=.002) populations were found to
be associated with perceiving the guidelines as relaxed. As
income (β=–.03, 95% CI –.05 to –.005; P=.02) increases, it was
found to be associated with stricter perceptions of the guidelines.
Republican political affiliation (β=–.5, 95% CI –0.67 to –0.33;
P<.001) was found to be associated with perceiving the
guidelines as strict, while Democratic political affiliation (β=.34,
95% CI 0.17-0.5; P<.001) was found to be associated with
perceiving them as relaxed. Receiving the full vaccination series
and booster (β=.31, 95% CI 0.15-0.48; P<.001) was found to
be associated with perceiving the guidelines as relaxed, while
receiving no COVID-19 vaccinations (β=–.22, 95% CI –0.4 to
–0.04; P=.02) was associated with perceiving them as strict.
Instagram (β=–.4, 95% CI –0.68 to –0.12; P=.005) and Twitter
(β=–.33, 95% CI –0.58 to –0.08; P=.01) were found to be
associated with stricter perceptions of the COVID-19 prevention
guidelines. This model explained 23% of the variance in
perceptions of COVID-19 guidelines.

Adherence to COVID-19 Guidelines
As related to self-reported COVID-19 guideline adherence,
model 3 (Table 3) suggests that women, Black or African
American populations, Hispanic or Latino populations, political
affiliation, COVID-19 vaccination status, and the use of
Facebook and TikTok were associated with adherence to the
COVID-19 prevention guidelines. Women (β=.15, 95% CI
0.04-0.26; P=.008) were found to be positively associated with
adherence to the COVID-19 prevention guidelines. Black or
African American (β=.21, 95% CI 0.03-0.39; P=.02) and
Hispanic or Latino (β=.27, 95% CI 0.11-0.43; P=.001)
populations were found to be positively associated with
adherence to the guidelines. Republican political affiliation
(β=–.23, 95% CI –0.37 to –0.09; P=.001) was negatively
associated with adherence to prevention guidelines, while
Democratic political affiliation (β=.17, 95% CI –0.04 to 0.31;
P=.01) was positively associated with adherence. Receiving the
full vaccination series and booster (β=.32, 95% CI 0.19-0.45;

P<.001) was positively associated with adherence to the
COVID-19 prevention guidelines, while receiving no COVID-19
vaccinations (β=–.22, 95% CI –0.36 to –0.07; P=.003) was
negatively associated with adherence. Facebook (β=–.23, 95%
CI –0.42 to –0.043; P=.02) and TikTok (β=–.25, 95% CI –0.5
to –0.009; P=.04) were found to be negatively associated with
self-reported adherence to COVID-19 prevention guidelines.
This model explained 19% of the variance in adherence to
COVID-19 guidelines.

Discussion

Principal Findings
This study suggests that knowledge, perceptions, and
self-reported adherence toward COVID-19 prevention guidelines
differ by demographics and social media site use. Notably,
marginalized populations (eg, older adults, women, and racial
or ethnic minority individuals) were found to perceive the
COVID-19 prevention guidelines as relaxed, in addition to their
positive association with adherence. Political affiliation and
COVID-19 vaccination status mirror assumptions about
perceptions and adherence, where those identifying as
Republican and reporting no vaccination were associated with
perceiving the guidelines as too strict and adhering to a lesser
degree, respectively. The popular social media sites TikTok,
Instagram, Facebook, and Twitter were found to negatively
impact pandemic prevention efforts as they were differentially
associated with lower levels of knowledge, perceiving guidelines
as strict, and lower self-reported adherence. The findings of this
work, while demonstrating complicated interactions between
guideline knowledge, perceptions, and adherence, serve to
inform tailored public health interventions (ie, on the basis of
demographic subgroups and social media site use), platform
policies (eg, misinformation prevention), and digital public
health policy more broadly.

Demographics and Knowledge, Perceptions, and
Adherence Toward Guidelines
When considering the associations between the demographic
correlates of income, age, and gender with knowledge,
perceptions, and adherence toward prevention guidelines, the
findings suggest a complex pandemic landscape. Whereas
education and employment were not associated with guideline
knowledge, it can be assumed that income reflects a layer of
privilege afforded to those of higher income throughout the
pandemic. In the case of this study, income may be acting as a
proxy for pandemic privilege rather than solely socioeconomic
status. Pandemic privilege can be understood here as the role
of income in altering the pandemic environment, where those
with additional resources are more likely to have access to
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prevention methods (eg, working from home, personal protective
equipment, vaccination appointment flexibility, transportation,
residential privilege, limited disruptions to services and care,
and financial buffer for burdens of lost employment and wages)
[14,15]. Despite possessing increased knowledge of the
guidelines, perceptions of the prevention guidelines as strict
reflect privileged protections afforded through increased income.
Concordant with the existing literature, among older adults, a
higher level of adherence to prevention guidelines, despite
perceptions of them as strict, is likely due to the higher risk of
severe illness from COVID-19 associated with increased age
[16,17]. Gendered differences in perceptions of the guidelines
as relaxed with a higher level of adherence reflect
disproportionate pandemic burdens experienced by women (eg,
occupational exposure, incidence, and post–COVID-19
condition [long COVID]).

The present findings are in accordance with the existing
literature that demonstrates the impact of political affiliation on
knowledge, perceptions, and adherence toward prevention
guidelines. Partisan differences in perceptions of COVID-19
guidelines have been theorized to be explained by differential
risk perceptions as influenced by news sources and media
consumption [18-21]. Republican political affiliation has been
found to be aligned with a preference for reducing the imposition
of guidelines, while Democratic political affiliation is aligned
with a preference for maintaining guidelines [22]. In accordance
with the literature, political affiliation may play a decisive role
in impacting knowledge-seeking and comprehension,
perceptions, and adherence toward prevention guidelines. Health
communication efforts may bolster prevention efforts through
the characteristics inherent to partisan politics (eg, collectivism,
inequity perceptions, perceived risk, skepticism, and media
influence) and their influence on health behaviors [22-24]. The
emerging literature attests that although political affiliation may
demonstrate explanatory differences in pandemic prevention
outcomes, there is a call for public health efforts that extend
beyond interventions targeted based on political affiliation,
implementing bipartisan efforts that also further consider
demographics and individual differences influencing the
operationalization of information from news and social media
sites in the interest of COVID-19 prevention [18,23].

Social Media Sites and Knowledge, Perceptions, and
Adherence Toward Guidelines
The use of the social media sites TikTok, Instagram, Twitter,
and Facebook was found to be associated with lower knowledge,
stricter perceptions, and lesser adherence toward COVID-19
prevention guidelines. Despite operating under distinct
algorithms, all 4 platforms share commonalities in their
functions for photo, video, audio, and text sharing, as well as
social networking structures. A reliance on user-generated
content creates difficulty in regulating the presence and spread
of misinformation on social media. All 4 sites implemented, to
various degrees, efforts to mitigate misinformation through
informational banners on videos discussing the pandemic with
off-site links to additional information. Despite these soft
moderation efforts to address misinformation by TikTok,
Instagram, Twitter, and Facebook, all have been found to
contribute to the dissemination of misinformation [25-28].

Therefore, there is a need for improved mechanisms on these
social media sites to limit the spread of misinformation due to
its negative impacts on COVID-19 prevention guideline
knowledge, perceptions, and adherence in the physical
environment.

One key consideration of this study is the discrepancy between
the demographic profiles of the included social media sites and
the study sample. The user base of TikTok (ie, 48% users aged
18-29 years, 22% users aged 30-49 years, 14% users aged 50-64
years, and 4% users aged 65 years and older), Twitter (ie, 42%
users aged 18-29 years, 27% users aged 30-49 years, 18% users
aged 50-64 years, and 7% users aged 65 years and older), and
Instagram (ie, 71% users aged 18-29 years, 48% users aged
30-49 years, 29% users aged 50-64 years, and 13% users aged
65 years and older) tends to be younger than that of Facebook
(ie, 70% users aged 18-29 years, 77% users aged 30-49 years,
73% users aged 50-64 years, and 50% users aged 65 years and
older) [8]. Although the average age of the study sample is
older, it aligns with profiles of users of a similar age range who
are active online (ie, 22% users on TikTok, 27% users on
Twitter, 48% users on Instagram, and 77% users on Facebook)
[8]. Although social media sites have unique demographic user
profiles, it is necessary to consider that all individuals are able
to access their platforms. Understanding the scope of a
platform’s typical and atypical users is necessary to
systematically address misinformation online, where those who
do not align with the average user experience an assumedly
differential interaction with the platform and its content.

Public Health Implications
This research is uniquely situated within the COVID-19
pandemic and serves to inform tailored public health
interventions, social media platform strategies, and policies.
The key implications of this research include addressing
knowledge gaps in the literature regarding the impact of social
media use and demographic characteristics on COVID-19
prevention guideline knowledge, perceptions, and adherence.
Public health interventions should be tailored to relevant
platforms to address the impacts of social media sites on
prevention guideline knowledge, perceptions, and adherence.
Additionally, interventions targeting demographic subgroups
may be operationalized on social media platforms with a user
base that aligns with the target subgroup (eg, age, income, and
political affiliation). In this context, platform functionality
should be considered when designing interventions, regulations,
and misinformation mitigation policies to alleviate the negative
impacts of social media use on COVID-19 prevention efforts.
Finally, these findings are necessary to be operationalized within
public health interventions to tailor interventions to increase
pandemic-related knowledge while enhancing supportive
perceptions of the guidelines, aiming to increase and maintain
sufficient adherence among subpopulations to mitigate the
effects of the pandemic.

Strengths, Limitations, and Future Studies
This study has the strengths of using a country-wide,
quota-based sample to investigate emerging trends during the
pandemic as related to knowledge of, perceptions of, and
adherence to COVID-19 prevention guidelines. Although there
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is likely some inherent difference in those who are online and
able to participate in the survey as compared with those who
are not, this concern may be mitigated in the context of this
work, as it centers those active in the online environment. With
the goal of identifying the role of social media on the target
population, the exclusion of those not online is warranted. The
findings should be cautiously interpreted and generalized as
selection bias may affect the representativeness of the sample.
When interpreting the study’s findings, low statistical
significance does not imply the absence of a certain
phenomenon. One limitation that could persist, as the results
are reliant on a self-report measure of prevention guidelines
adherence, is participants’ ability to approximate habits (eg,
wearing a mask and using a social media site). A key limitation
of this study is the discrepancy between the demographics of
the study sample and the demographic profiles of the users of
the various social media sites included. Finally, as a

cross-sectional study, where some potential but key confounders
may not have been included, there is the inability to obtain
causal inference. Further, work accounting for the interrelations
between factors should be conducted to provide a comprehensive
assessment of confounders [22]. Future work should consider
focusing on the validation of measures to assess knowledge,
perceptions, and adherence. Additional research would benefit
from an expanded survey considering a variety of potential,
influential factors (eg, health literacy and location). Longitudinal
explorations of the influence of social media use, knowledge
levels, and declining perceptions should be prioritized in efforts
to examine their impacts on prevention guideline adherence
over time. Future directions for health communication should
prioritize implementing programmatic interventions on social
media platforms to address misinformation and information
oversaturation in a manner that optimizes each platform’s social
networking functions, algorithms, and user base.
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Abstract

Background: The COVID-19 pandemic triggered unprecedented global vaccination efforts, with social media being a popular
tool for vaccine promotion.

Objective: This study probes into Macao’s COVID-19 vaccine communication dynamics, with a focus on the multifaceted
impacts of government agendas on social media.

Methods: We scrutinized 22,986 vaccine-related Facebook posts from January 2020 to August 2022 in Macao. Using automated
content analysis and advanced statistical methods, we unveiled intricate agenda dynamics between government and nongovernment
entities.

Results: “Vaccine importance” and “COVID-19 risk” were the most prominent topics co-occurring in the overall vaccine
communication. The government tended to emphasize “COVID-19 risk” and “vaccine effectiveness,” while regular users prioritized
vaccine safety and distribution, indicating a discrepancy in these agendas. Nonetheless, the government has limited impact on
regular users in the aspects of vaccine importance, accessibility, affordability, and trust in experts. The agendas of government
and nongovernment users intertwined, illustrating complex interactions.

Conclusions: This study reveals the influence of government agendas on public discourse, impacting environmental awareness,
public health education, and the social dynamics of inclusive communication during health crises. Inclusive strategies,
accommodating public concerns, and involving diverse stakeholders are paramount for effective social media communication
during health crises.

(JMIR Infodemiology 2024;4:e51113)   doi:10.2196/51113

KEYWORDS

COVID-19; government; vaccine; automated content analysis; Granger causality test; network agenda setting; QAP; social media

Introduction

As of December 2022, the global COVID-19 pandemic had
resulted in 669 million confirmed cases and 6.8 million deaths
[1]. Environmental factors were a key determinant significantly

influencing the pandemic [2], through airborne viral infectivity
impacted by air pollution and seasonality effects [3,4].

Vaccination was crucial to contain the spread of virus [5],
although complex factors such as the Peltzman effect, emerging
viral variants, and socioeconomic conditions also affected
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pandemic diffusion [6]. Determining an optimal level of
vaccination is complex and multifaceted, requiring a balance
to avoid undermining democratic values and triggering larger
socioeconomic problems than the pandemic [7,8]. Nonetheless,
the willingness to vaccinate hinges on various factors, including
safety concerns, sociodemographic characteristics, and
individual behaviors and attitudes [9,10]. Other determinants
including lack of knowledge, government distrust, skepticism
about vaccine development, efficacy concerns, exposure
experience, coronaphobia, and workplace mandates also predict
vaccine uptake [11-13]. As social media becomes increasingly
significant for public communication, social media adaptivity,
information availability, and health care infrastructure
capabilities are also influential for vaccination decisions [14].

Vaccine communication plays a vital role in addressing public
concerns, building trust, and encouraging vaccine uptake.
Specifically, effective strategies including trusted sources, health
provider guidance, a reasonable quantity of information, cultural
tailoring, information contextualization, and cultural sensitivity
have the potential to significantly increase vaccination intent
[15-17]. Despite the notable antagonism in the discourse
surrounding immunization on social media [18], it is worth
noting that social media campaigns initiated by health
organizations have proven to be effective in increasing public
awareness about vaccination [19].

Governance mechanisms are another crucial factor for
expediting vaccine distribution and mitigating pandemic-related
socioeconomic effects [20]. Evidence has shown that clear,
consistent, and transparent communication from governmental
bodies engendered higher levels of public compliance and trust
[21,22]. Given the major impact of the pandemic on public
health and society, involvement of the government in vaccine
communication becomes a vital research area.

Governments worldwide have adopted diverse approaches to
encourage COVID-19 vaccination. For instance, the New
Zealand government promoted vaccination among young people
by highlighting community factors such as “protecting others”
and “striving for herd immunity” [23]. By promoting the
scientific notion that there are more advantages than
disadvantages to COVID-19 vaccination, the Chinese
government has strengthened risk communication to increase
the public's awareness of the benefits of vaccines [24]. Although
COVID-19 vaccine communication has received increasing
attention, particularly from the research community, scientific
evidence focusing specifically on low-risk regions, such as
Macao, is scarce. This suggests that the existing literature does
not sufficiently reflect the concerns of the Macao population as
related to COVID-19 vaccination. As one of the world’s most
densely populated cities, Macao has maintained a record of
relatively low risk of infection and high coverage of COVID-19
vaccines [25]. Throughout the pandemic before June 2022,
Macau had only recorded 17 confirmed cases of local infection
(with a rate of 2.5 cases per 100,000 population) with no
fatalities. By June 19, 2022, the vaccine coverage rate within
the entire population in Macao was 85.6% for at least 2 doses
and 40.5% for 3 doses [26]. The low prevalence of COVID-19
is believed to be the result of the close connection between
Macao and mainland China. Since the outbreak of the pandemic,

Macao has implemented anti-epidemic measures following the
“dynamic zero-COVID-19 policy” established by mainland
China, with some adaptations based on local socioeconomic
circumstances [27]. Given the close link between these entities,
it is important to understand how the Macao Government
communicated with citizens to drive their demand for
vaccinations and the impact of this communication. Researchers
have long investigated how governments develop policy agendas
and whether a policy agenda is led by the government or the
public [28]. However, literature on the role of the government
in public health agenda setting, specifically related to vaccine
promotion in the COVID-19 context, is limited.

The primary goal of this study was to reveal the patterns of
vaccine communication on social media during the COVID-19
pandemic as well as the role of the government in advancing
vaccination through a case study of Macao, the special
administrative region of China. By conducting this research,
we aimed to contribute to the existing knowledge on vaccine
communication and provide implications for policymakers to
improve health promotion communication strategies for
preparedness against future pandemics.

The theory of agenda setting suggests that the media has the
ability to influence the public agenda by making a specific issue
prevalent and salient [29]. Agenda setting is a competition
among issue proponents to gain the attention of media
professionals, the public, and policy elites [30]. Recently,
research about agenda setting has been extended by
incorporating the concept of social networks and the associative
network of memory, which has been proposed by Guo [31] as
the network agenda setting model (NAS). The NAS underlines
the associations between topics or attributes presented in the
agenda: The more frequently 2 attributes are correlated in news
coverage, the more likely the public will perceive them to be
interrelated [32].

The NAS can be used to identify the interconnections between
public, media, organizational, and government topics on social
media. For instance, a study conducted by Chen et al [33]
utilized the NAS to investigate the correlation between
individual users and organizational accounts on Weibo in terms
of their focus on nationalist concerns. The NAS emphasizes the
relationship between topics or attributes in constructed agendas.
Hou et al [34] analyzed posts mentioning COVID-19 vaccines
on Twitter and found that topics related to COVID-19 vaccines
can be divided into the following 9 categories: (1) vaccine
importance, (2) vaccine effectiveness, (3) vaccine safety, (4)
trust in governments, (5) trust in experts, (6) COVID-19 risk,
(7) vaccine accessibility, (8) vaccine distribution, (9) vaccine
affordability. Additionally, recent studies examined the concerns
of all users, including parents, regarding COVID-19 vaccines
(eg, [35]). However, these studies did not distinguish between
regular accounts (ie, ordinary individual users), government
accounts, organization accounts, and media accounts. This
distinction is important to understand the nuances of vaccine
promotion engaged by different entities. Governments, for
instance, influence public discourse through policymaking
[24,28], whereas organizations play a significant role in agenda
setting via funding, lobbying, and advertising activities [36].
The public, media, and government may construct different
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associations among topics in their respective agendas and impact
each other. Our research questions (RQ) thus ask the following:

• RQ1: What are the most prevalent agenda attributes
emphasized in the communication of vaccination on
Facebook during the COVID-19 outbreak in Macao?

• RQ2: How do the attributes interact in the vaccine agendas
of governmental and nongovernmental entities?

• RQ3: What are the associations between the vaccine agenda
networks constructed by government and nongovernment
users?

• RQ4: How do government and nongovernment users impact
each other’s vaccine agenda on Facebook?

Methods

Sample and Data
This study retrieved data relevant to COVID-19 vaccines in
Macao from January 1, 2020, when the SARS-CoV-2 virus was
initially detected in China, to August 31, 2022, when the number
of newly reported cases had sharply declined [1]. Facebook was
selected as the main source of data to analyze the dynamics of
vaccine communication in Macao. Being one of the most widely
used social media platforms globally, Facebook accounts for a
more dominant market share (65.05%) than other sources (eg,
Pinterest: 11.47%; Twitter: 10.54%) in Macao [37,38]. The
widespread usage of Facebook suggests that it has a significant
impact on the population’s perceptions, attitudes, and behaviors,
making it an essential platform to study to understand the public
agenda. In addition, Facebook’s archival nature allows for
tracking of the evolution of vaccine-related discussions over
time, capturing the core dynamics of vaccine communication
online.

A combination of the keywords “COVID-19” and “vaccine” as
well as their synonyms (ie, 29 synonyms of COVID-19–related
terms and 10 synonyms of vaccine-related terms) in Chinese
were used to detect and collect relevant posts (see Multimedia
Appendix 1). Information was also compiled on the various
labels given to users on Facebook, such as labels of government,
media, and organization accounts. Following the collection of
raw data from Facebook, data screening was performed to
remove duplicate and irrelevant posts. The preprocessing of
data including the removal of stop words (eg, “an,” “the,” “etc.,”
punctuation, symbols, and numbers) and word segmentation
was implemented using the DivoMiner platform.

Ethics Approval
This research strictly adheres to ethical guidelines by ensuring
complete anonymity and de-identification of all data sources.
To preserve the confidentiality and privacy of all sources
involved, no identifiable information about individual users,
their IDs, or direct, non-paraphrased posts are included in the
main manuscript or any supplementary materials.

Clarification
All identifiers in the data set (eg, names of the senders) were
removed and replaced with a code to mask the information about
each sender, ensuring the anonymization of our data. Data were

only collected from publicly available posts that were returned
based on the structured keyword search criteria.

Measures of Variables
This study investigated the dynamics of agenda setting between
government and nongovernment users on Facebook. To achieve
this, we categorized users into the following different categories,
drawing from prior research [39,40]: (1) media, (2) civil
organizations, (3) regular users, (4) government.

The media functions as information gatekeepers and holds
potential influence over people’s decision-making [29,32]. To
account for significant differences in content, news culture, and
viewpoints, the media category in this study was further divided
into professional media and alternative media for a thorough
investigation [41]. Professional media includes those traditional
mass media outlets responsible for information dissemination
and public awareness, such as newspapers, radio, and television,
while alternative media includes independent and electronic
media, which is in contrast to mainstream mass media. By
referencing relevant media research [42], this study annotated
professional media accounts, alongside alternative media
accounts.

Civil organizations, also called civil society organizations,
include those organizations or associations that are established
by individuals or groups with a common purpose or interest and
operate in the community, differing from the government and
corporations. Civil organizations work alongside the government
and other stakeholders to contribute to public discourse, policy
development, and social change [43].

Regular users were defined in this study as individuals who
interact with Facebook on a personal basis, without representing
any official capacity, media, or organizations. Therefore, regular
users can be considered as representatives of the public in this
study.

The government in this study was defined as all authorities. We
did not categorize the specific levels, instead treating all
government authorities as a single entity, to gain a clear
understanding of the overall position of the Macao Government
in vaccine communication. This was also a practice adopted by
previous research (eg, [44]).

The classification of Facebook users into 5 distinct categories
was conducted based on the information gathered from users’
short biographical profiles and the user identity labels provided
by Facebook. We assigned 2 coders to classify the users
contributing relevant posts. Any confusion that might have
occurred during classification was resolved through discussion.
This approach allowed for the categorization of users into
specific groups, enabling a systematic analysis of user
communication and interactions within the Facebook platform
[44].

To investigate the dynamics of vaccine communication, 9
predefined categories that indicate elements influencing vaccine
acceptance were established based on a coding framework
adapted from prior studies (eg, [34,45,46]). These categories
included the following topics: importance of vaccines,
effectiveness of vaccines, safety of vaccines, trust in
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governments, trust in experts, risk of the COVID-19 pandemic,
and vaccine convenience (ie, accessibility, distribution, and
affordability). Details of the coding categories are shown in
Multimedia Appendix 2.

Data Analysis Procedures

Automated Content Analysis
In this study, an automated content analysis method was used
to identify and categorize posts into the predefined categories.
Each post could belong to one or more categories or none at all.
The effectiveness of automated coding depends on the design
of the keywords. To develop accurate keywords, this study
followed the approach outlined by Chang et al [37] using the
Word2vec word embedding toolkit from the Python 3.7.4
Gensim module [47]. Word2vec, a word embedding technique
powered by neural networks, allows the identification of words
with similar meanings by analyzing word associations in a large
text corpus [48]. Due to the intricacies of the Chinese language,
the synonyms suggested by Word2vec were further checked by
assessing their relevance to the context. On this basis, the
Chinese thesaurus and relevant literature [49] were further
consulted for the inclusion of additional synonyms. The list of
keywords for machine coding can be found in Multimedia
Appendix 3.

DivoMiner, a text mining and automated content analysis
platform driven by machine learning algorithms, was used to
facilitate the automated content coding task. This platform
integrates automated content analysis with traditional content
analysis methods and has been widely utilized in health and
communication studies [37,50,51]. Following automated coding,
manual verification was conducted to ensure the accuracy and
reliability of the machine-generated outcomes. To achieve this,
2 coders, both native Cantonese speakers, were recruited and
underwent 36 hours of training to independently code 300
messages. Each variable was coded as either present or absent.
Discrepancies between the coders were resolved through
discussions, with the author intervening only when consensus
could not be reached between the coders. The overall intercoder
reliability, measured using Krippendorff alpha, demonstrated
satisfactory levels across all examined variables, with
coefficients ranging from .77 to .82. The consistency between
machine coding and manual coding reached an acceptable level,
with an average score of 74%. This score aligns with previous
studies, in which a threshold value of 70% was considered
rational [49-51].

Statistical Analysis
The conventional statistical analysis in this study involved the
use of SPSS (version 23; IBM Corp) for analysis. Categorical
variables were summarized using counts and percentages. The
chi-square test of independence was used, and post hoc
comparisons with Bonferroni corrections were further
implemented to precisely identify the specific significant
differences between user categories and vaccine-related topics
and avoid the likelihood of generating false-positive outcomes
(type I errors).

Co-Occurrence Network Analysis
Co-occurrence matrices, which represent the strength of ties
between 2 topics engaged by different users, were generated as
dyadic data sets. Based on the co-occurrence data, this study
established undirected and weighted topic co-occurrence
networks. Each network represents the co-occurrence relations
of the attributes of a certain user category. To clarify, if a
particular category of user mentions topic “i“ and topic “j,” a
band will link “i” and “j.” The width of the band indicates the
frequencies of the pair of topics discussed by a user type [52,53].
For example, in the professional media user category’s topic
co-occurrence network, if a professional media news report
mentions the topics of “vaccine importance” and “vaccine
effectiveness” together, the topics will be linked in the network
by a band. The more frequently these topics co-occur, the thicker
the band becomes. The visualization of topic co-occurrence is
presented in a chord diagram by Echarts (The Apache Software
Foundation), as indicated by Wang et al [52].

Quadratic Assignment Procedure for Network Analysis
In this study, the quadratic assignment procedure (QAP) method
was applied to understand the correlation between the Macao
Government’s agenda network and that of other Facebook users,
via analysis of the co-occurrence matrices. QAP is a common
method in social network or agenda network studies [40,54].
QAP correlation analysis can be used to assess the correlation
between 2 matrices with the Pearson correlation coefficient,
while QAP regression analysis can determine whether an
explanatory variable can predict an outcome variable when the
2 matrices are significantly correlated [55]. In this study, the
QAP method used UCINET 6.730 to test whether the Macao
Government’s vaccine agenda network has impacted that of
nongovernment Facebook users, particularly regular type users,
during the COVID-19 pandemic.

Vector Autoregression Modeling
The vector autoregression (VAR) approach was used to examine
the dynamic of agenda attributes between government and
nongovernment users. This approach evaluates the effect of an
observed variable by considering its lagged effect in the earlier
period and that of other predictors in previous time points,
without presuming the associations between the variables [56].
The VAR modeling technique is widely used in the economic
field and, in recent years, has been increasingly applied in
research on health science, sociology, neuroimaging, and
meteorology (eg, [54,57-59]).

VAR modeling is ideal for measuring the dynamic performance
response and interaction between performance and marketing
communication variables. A study applied VAR models to
construct the dynamic response relationship between news
stories and public attention using a combination of survey and
news content ranging from 2009 to 2013 [60]. The VAR models
captured the dynamic feedback system and gave estimates for
the short-term effects of TV news coverage on public perception
by demonstrating a unidirectional process wherein changes in
news salience led to significant changes in public salience. In
addition, VAR models have also been used to investigate the
dynamic mapping relationship between the diffusion of political
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messages and emotional expression in public messages during
the COVID-19 pandemic [61]. The increased diffusion of
political messages positively predicted changes in emotional
expression among citizens, and the VAR model was able to
explain the interdependencies among variables based on the lag
values of multiple time series. Overall, the VAR model proves
to be an insightful tool for analyzing complex relationships in
communication studies, providing insights into the short-term
and long-term effects of various factors on outcomes of interest.
Hence, using the VAR technique allows the exploration of
temporal dynamics and associations between different agenda
attributes in this study. For example, the approach enables a
better understanding of whether the agenda attributes propagated
by the government (AG) at time (t-n) impacts the agenda
attributes of nongovernment users (AN) including professional
media, alternative media, civil organizations, and regular users.
The VAR model was generated as follows:

Within this model, αi and βi are the estimated coefficients, ρ
represents the optimal number of lags for the model, and ε
indicates the error term. AGt-i and ANt-i represent the respective
variable at the earlier periods. For instance, AGt-1 indicates the
first lag of AG. The lag length for the VAR model was selected
as per the Akaike information criterion. The augmented
Dickey-Fuller test was applied to examine the stationarity of
the time series. For nonstationary series, differencing at the first
or higher level was performed to achieve stationarity [62]. When
both time series were stationary at the same level, this study
proceeded with the Johansen maximum eigenvalue and trace
tests based on the estimation of VAR models to determine
whether the time series were cointegrated and suitable for
Granger causality tests. Granger causality posits that causes
lead to effects and happen before their effects [40]. In this sense,
using prior values of a time series can statistically forecast the
future status of another time series.

In this study, the Granger causality test was used to provide
greater insight into the statistical causal relationship between
the government’s agenda and the nongovernment users’agenda.
To estimate VAR models and enable Granger causality tests,
this study transformed the collected data in the form of time
series by dividing the data into 32 monthly periods (from
January 2020 to August 2022), and each monthly period was
treated as an independent unit for analysis. EViews 12 software
was used for statistical analysis.

Results

Results of Content Analysis
This research initially collected a sample of 24,089 Facebook
posts with relevance to COVID-19 vaccines. Data screening

was further performed on the sample to remove duplicated,
irrelevant, and unclear messages, resulting in 23,577 unique
and relevant posts. Finally, the results of machine coding
presented a total of 22,986 posts that include the examined
vaccine topics.

In answering RQ1, we calculated the frequency of the vaccine
topics and found that the majority of posts in the sample related
to the importance of COVID-19 vaccination (7358/22,986,
32.01%), followed by posts that indicated the high risk of
contracting COVID-19 (6877/22,986, 29.92%) and highlighted
trust in experts (4320/22,986, 18.79%). In addition, a
considerable number of posts mentioned vaccine effectiveness
(4163/22,986, 18.11%), safety (3358/22,986, 14.61%),
accessibility (2683/22,986, 11.67%), distribution (2492/22,986,
10.84%), and affordability (1685/22,986, 7.33%), while posts
related to trust in government were less frequent (1593/22,986,
6.93%). In addition, in the overall vaccine-related discussion,
nongovernment users comprised a substantial majority of the
posts, at 76.85% (17,665/22,986). When examining the
nongovernment user segment at a more granular level,
professional media accounted for a significant proportion of the
posts, at 33.87% (7555/22,986), followed by alternative media,
at 12.24% (2814/22,986); civil organizations, at 3.99%
(918/22,986); and regular users, at 27.74% (6377/22,986). The
topics associated with vaccine agenda attributes by government
and nongovernment users are shown in Table 1.

The chi-square test indicated that the distributions of
vaccine-related topics were significantly different across the

user categories (χ2
32=1579.469, P<.001). The outcomes of the

post hoc comparisons suggested that the government was more
concerned with topics of vaccine effectiveness (1003/5322,
18.85%; P<.001), COVID-19 risk (1805/5322, 33.92%; P<.001),
vaccine accessibility (1010/5322, 18.98%; P<.001), and vaccine
affordability (605/5322, 11.37%; P<.001), while discussion of
vaccine safety (393/5322, 7.38%; P<.001), government trust
(133/5322; 2.5%, P<.001), expert trust (518/5322, 9.73%;
P<.001), and vaccine distribution (341/5322, 6.41%; P<.001)
occurred to a less extent than for other users. In comparison,
professional media contributed more to the topics of government
trust (752/7555, 9.95%; P<.001) and expert trust (1895/7555,
25.08%; P<.001). Alternative media, however, were less
inclined to discuss vaccine affordability (128/2814, 4.55%;
P<.001) than other categories of users. Regular users were
primarily concerned about vaccine safety (1092/6377, 17.12%;
P<.001) and vaccine distribution (724/6377, 11.35%; P<.001)
and were less concerned about vaccine effectiveness (937/6377,
14.69%; P<.001), COVID-19 risk (1529/6377, 23.98%; P<.001),
and vaccine accessibility (416/6377, 6.52%; P<.001) than other
users. The outcomes of the post hoc tests with details are shown
in Multimedia Appendix 4.
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Table 1. Overview of the vaccine agenda attributes by government and nongovernment users in Macau from January 1, 2020, to August 31, 2022.

Total, n (%)Nongovernment users, n (%)Government users, n
(%)

Vaccine topic

Regular usersCivil organizationsAlternative mediaProfessional media

22,986 (100)6377 (27.74)918 (3.99)2814 (12.24)7555 (32.87)5322 (23.15)All posts

7358 (32.01)1816 (28.48)298 (32.46)697 (24.77)2931 (38.80)1616 (30.36)Importance

4163 (18.11)937 (14.69)181 (19.72)404 (14.36)1638 (21.68)1003 (18.85)Effectiveness

3358 (14.61)1092 (17.12)140 (15.25)359 (12.76)1374 (18.19)393 (7.38)Safety

1593 (6.93)493 (7.73)40 (4.36)175 (6.22)752 (9.95)133 (2.5)Trust in government

4320 (18.79)1160 (18.19)154 (16.78)593 (21.07)1895 (25.08)518 (9.73)Trust in experts

6877 (29.92)1529 (23.98)211 (22.98)681 (24.2)2651 (35.09)1805 (33.92)COVID-19 risk

2683 (11.67)416 (6.52)80 (8.71)196 (6.97)981 (12.98)1010 (18.98)Accessibility

2492 (10.84)724 (11.35)113 (12.31)309 (10.98)1005 (13.3)341 (6.41)Distribution

1685 (7.33)370 (5.8)53 (5.77)128 (4.55)529 (7)605 (11.37)Affordability

Trend in Facebook Activities
To reveal the dynamics of different attributes of the vaccine
agenda, this study mapped trends of these attributes during the
investigated period. All vaccine-relevant content remained at a
relatively low volume in 2020 and increased significantly in
2021. The volume of content regarding “vaccine distribution”
began to grow at the start of 2021 and showed an observable
spike in February of the same year. This was followed by a

sharp acceleration in content regarding the high risk of
COVID-19 reaching its peak in June 2021. The highest peak in
vaccine-relevant content occurred in September 2021 related
to the topic of vaccine importance. Between June 2021 and
October 2021, the most debate centered around themes relating
to COVID-19 vaccines. Overall, variations in the volume of
vaccine communication were observed over time. Figure 1
shows the dynamic of vaccine discussion showing the monthly
volume of posts.
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Figure 1. Temporal changes in the vaccine agenda attributes (January 2020–August 2022): (A) vaccine importance, (B) vaccine effectiveness, (C) risk
of COVID-19, (D) government trust, (E) expert trust, (F) vaccine safety, (G) vaccine affordability, (H) vaccine distribution, (I) vaccine accessibility.

Interactions Between Agenda Attributes in Vaccine
Communication
To answer RQ2, this study computed the interrelationships
between agenda attributes by the government and
nongovernment users by constructing co-occurrence matrices.
Results showed that “vaccine importance,” “vaccine
effectiveness,” and “COVID-19 risk” were the most prominent
attributes interacting with each other in the agendas of
government and nongovernment users, except for the regular
users’ agenda in which “vaccine safety” (n=2503) rather than
“vaccine effectiveness” (n=2161) had more established
connections overall with other attributes. Specifically, the
government agenda featured strong connections between
“vaccine importance” and “COVID-19 risk” (n=1505), followed
by “vaccine importance” and “vaccine effectiveness” (n=945),
“vaccine importance” and “accessibility” (n=940), and
“COVID-19 risk” and “accessibility” (n=816). As for the agenda
of professional media, the strongest link was established between
“vaccine importance” and “COVID-19 risk” (n=1528), followed

by the link between “vaccine importance” and “vaccine
effectiveness” (n=1327) and the link between “vaccine
importance” and “trust in experts” (n=1220). In terms of regular
users, their agenda highlighted the relationships between
“vaccine importance” and “COVID-19 risk” (n=931), “vaccine
importance” and “vaccine effectiveness” (n=655), “vaccine
importance” and “vaccine safety” (n=644), “vaccine importance”
and “trust in experts” (n=536), and “vaccine safety” and
“COVID-19 risk” (n=469). Using chord diagrams, this study
visualized the interrelationships of agenda attributes by different
user categories. The arc in the outer ring represents the attributes
of the vaccination agenda and is differentiated by color. The
arc length indicates the total number of associations an attribute
maintains with other attributes when communicated by users
in a specific category. The band within the ring represents the
connected relationship between 2 topics, with the thickness of
the band indicating the magnitude of the connection. A set of
chord diagrams revealing agenda attribute interactions in the
agendas with comparison of different users is presented in Figure
2.
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Figure 2. Comparison of agenda attribute interactions by different users: (A) government, (B) professional media, (C) alternative media, (D) civil
societal organizations, (E) regular users. Acce.: vaccine accessibility, Afford.: vaccine affordability, Distri.: vaccine distribution, Eff.: vaccine effectiveness,
E.T.: expert trust, G.T.: government trust, Import.: vaccine importance, Risk: risk of COVID-19, Saf.: vaccine safety.

To assess the evolution of links between attributes over time,
this study also divided the co-occurrence dynamics of intragroup
agenda attributes into 3 distinct periods: 2020, 2021, and 2022.
Our findings revealed that the connections between agenda
attributes varied by both the time period and the categories of
Facebook users. Notably, in the government agenda, the link
between “vaccine effectiveness” and “vaccine affordability”
exhibited an increase in strength during 2022 (795/4150,
19.16%), compared with 2020 (18/223, 8.25%) and 2021
(690/4744, 14.54%). Conversely, the connection between
“vaccine importance” and “expert trust” within the agenda of
regular users demonstrated a decline in frequency over the
3-year span (2020: 119/1165, 10.21%; 2021: 282/3417, 8.25%;
2022: 118/1779, 6.63%). More information about the
co-occurrence dynamics of the intragroup agenda attributes over
time can be found in Multimedia Appendix 5.

Agenda Network Analysis
In answering RQ3, the results of the QAP tests demonstrated
significantly positive and strong correlations between the agenda
network of the government and those of professional media
(r=0.745, P=.005) and civil organizations (r=0.632, P=.02).
However, the correlations between the government’s agenda
network and the network of alternative media (r=0.462, P=.08)
and regular users (r=.451, P=.07) were not statistically
significant.

The subsequent QAP linear regression analysis tested whether
the agenda network of the Macao government can predict that
of nongovernment users. For example, by using the government
as a predictor and different types of nongovernment users as
outcome variables, the results demonstrated that the government
has an impact on the agenda network of professional media
(b=0.703, P=.006) and civil organizations (b=0.051, P=.02).

The adjusted R2 value for professional media indicated that
government accounts for around 54% of the variance in the
professional media’s agenda network, while government only
accounts for 38% of the variance in the agenda network of civil
organizations. The results of the QAP linear regression analysis
with the government as a predictor are shown in Table 2.

In the QAP linear regression model predicting the agenda of
regular users, the results revealed significant impacts of
alternative media (b=2.46, P=.001), professional media (b=0.52,
P=.001), and civil organizations (b=6.16, P=.001) on the agenda

of regular users. The adjusted R2 value for professional media,
civil organizations, and alternative media ranged from 0.81 to
0.86, suggesting that all 3 categories of users can explain
81%-86% of the variance in the regular users’ agenda network.
The results of the QAP linear regression analysis with regular
users as the outcome variable are shown in Table 3.
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Table 2. Quadratic assignment procedure regression analysis with government as the predictor.

Adjusted R2R2 valueP valueaUnstandardized coefficientUser category

0.3820.399.020.051Civil organizations

0.5430.556.0060.703Professional media

0.1910.214.100.095Alternative media

0.1800.204.120.246Regular users

aOutcomes were considered statistically significant at P<.05.

Table 3. Quadratic assignment procedure regression analysis with regular users as the outcome variable.

Adjusted R2R2 valueP valueaUnstandardized coefficientUser category

0.1800.204.120.246Government

0.8640.868.0012.462Alternative media

0.8050.811.0010.521Professional media

0.8270.832.0016.164Civil organizations

aOutcomes were considered statistically significant at P<.05.

Impacts of Government and Nongovernment Users on
Each Other’s Vaccine Agenda
To answer RQ4, the Granger causality test was further
performed to examine whether the 9 attributes in the
government’s agenda statistically predicted the future intensity
of topics discussed by different categories of users and vice
versa. Specifically, the results showed that attributes such as
“vaccine safety” (F3,13=3.817; P=.04) and “trust in experts”
(F3,13=3.916; P=.03) in the government’s agenda significantly
affected such attributes in the agenda of nongovernment users,
while the attributes associated with “trust in government”
(F3,13=4.590; P=.02) and “vaccine affordability” (F3,13=3.851;
P=.04) in the agenda of nongovernment users affected these
attributes in the agenda of the government at the significance
level of P<.05.

By classifying nongovernment users into different user
categories, the results suggested a unidirectional trend in the
attribute of “vaccine safety” flowing from the government’s
agenda to that of professional media (F5,15=3.247; P=.03), while
professional media affected the agenda of the government
unilaterally through the attributes of “vaccine importance”
(F5,12=7.192; P=.003), “vaccine effectiveness” (F3,13=4.391;
P=.02), “COVID-19 risk” (F5,15=5.173; P=.006), and “vaccine

affordability” (F3,13=4.754; P=.02). Additionally, alternative
media affected the government by setting the agenda with
attributes such as “COVID-19 risk” (F5,15=8.769; P<.001) and
“vaccine accessibility” (F5,15=2.963; P=.047), while there was
no temporal causation from the government to alternative media
for the attributes identified.

Regarding civil organizations, the government predicted the
agenda of civil organizations through the attributes of “vaccine
importance” (F5,15=4.111; P=.01), “vaccine effectiveness”
(F3,13=6.264; P=.007), and “trust in experts” (F3,9=15.877;
P=.001), while the causation from civil organizations to the
government was absent for all attributes except “vaccine safety”
(F3,12=4.405; P=.03).

Most notably, the Granger causality analysis revealed that the
government had a significant impact on the agenda of regular
users through the attributes of “vaccine importance”
(F5,15=3.809; P=.02), “trust in experts” (F5,15=16.639; P<.001),
“vaccine accessibility” (F5,15=3.343; P=.03), and “vaccine
affordability” (F3,13=6.012; P=.008). Despite the absence of
Granger causality from regular users to the government for most
attributes, there was a reciprocal relationship between the
government and regular users in the attribute of “vaccine
affordability.” The results of the Granger causality tests between
the government and other types of users are shown in Table 4.
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Table 4. Granger causality tests between government users and other types of users for each vaccine attribute.

Regular usersCivil societal organiza-
tions

Alternative mediaProfessional mediaNongovernment usersVaccine at-
tribute

Antecedent
variable

Outcome
variable

Antecedent
variable

Outcome
variable

Antecedent
variable

Outcome
variable

Antecedent
variable

Outcome
variable

Antecedent
variable

Outcome
variable

Importance

2.259 (5,15)3.809
(5,15)

1.801 (5,15)4.111
(5,15)

2.407 (5,15)2.412
(5,15)

7.192 (5,12)1.413
(5,20)

1.209 (2,20)1.410
(5,20)

F value
(df)

.10.02.17.01.09.09.003.26.32.26P value

Effectiveness

0.858 (2,30)0.968
(2,30)

0.567 (2,10)6.264
(3,13)

1.319 (5,9)0.293
(3,13)

4.391 (3,13)0.133
(2,30)

3.029 (3,13)0.449
(2,30)

F value
(df)

.44.39.58.007.34.83.02.88.07.64P value

Safety

2.912 (3,22)2.004
(5,15)

4.405 (3,12)2.923
(3,13)

2.419 (5,15)0.706
(1,15)

2.565 (5,15)3.247
(5,15)

3.222 (3,13)3.817
(3,13)

F value
(df)

.057.14.03.07.08.41.07.03.057.04P value

Trust in government

3.373 (3,13)0.304
(2,10)

3.585 (2,10)2.705
(3,9)

2.296 (3,13)1.228
(2,20)

3.924 (3,13)3.270
(3,13)

4.590 (3,13)2.017
(3,15)

F value
(df)

.051.74.07.11.12.31.03.055.02.15P value

Trust in experts

4.189 (2,9)16.639
(5,15)

1.058 (1,22)15.877
(3,9)

1.146 (2,20)0.401
(2,20)

1.437 (5,30)3.753
(2,10)

0.402 (2,20)3.916
(3,13)

F value
(df)

.051<.001.31.001.34.67.24.06.67.03P value

COVID-19 risk

0.235 (2,15)0.655
(2,15)

2.275 (3,20)2.442
(3,20)

8.769 (5,15)0.665
(3,3)

5.173 (5,15)1.890
(2,30)

1.124 (2,30)0.255
(2,9)

F value
(df)

.79.53.11.09<.001.63.006.16.34.78P value

Accessibility

2.376 (5,15)3.343
(5,15)

2.763 (5,10)1.546
(5,15)

2.963 (5,15)1.461
(5,15)

1.362 (5,20)0.045
(2,10)

2.781 (3,13)0.248
(2,15)

F value
(df)

.09.03.08.23.047.26.28.96.08.78P value

Distribution

0.458 (1,25)4.175
(1,25)

0.382 (1,20)1.264
(1,20)

0.005 (1,15)0.147
(1,25)

0.283 (2,20)0.596
(2,20)

0.104 (2,20)0.756
(2,20)

F value
(df)

.50.051.54.27.94.70.76.56.90.48P value

Affordability

5.067 (2,20)6.012
(3,13)

0.495 (2,20)0.525
(2,20)

0.688 (2,20)0.479
(2,20)

4.754 (3,13)0.745
(2,20)

3.851 (3,13)2.500
(3,13)

F value
(df)

.02.008.62.60.51.63.02.49.04.10P value

Discussion

Principal Findings
This study examined the dynamics and patterns of vaccine
communication on Facebook in Macao during the COVID-19
pandemic. The principal findings demonstrated that “vaccine
importance” was the most prevalent attribute in the vaccination
agenda on Facebook, followed by the attributes of “COVID-19

risk” and “trust in experts.” The overall vaccination agenda
revealed the highest co-occurrences were between “vaccine
importance” and “COVID-19 risk.” Differences existed in
agenda priorities between the government and regular users.
The government primarily focused on the risks of COVID-19
and the effectiveness of vaccines, whereas regular users were
more concerned with the safety and distribution of vaccines.
The Macao government played a role in shaping the agenda for
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regular users by highlighting vaccine importance (Granger
causality result: F5,15=3.809; P=.02), trust in experts (Granger
causality result: F5,15=16.639; P<.001), and vaccine accessibility
(Granger causality result: F5,15=3.343; P=.03) and affordability
(Granger causality result: F3,13=6.012; P=.008), while its impact
on the agenda network of regular users remained insignificant
(QAP result: b=0.246; P=.12). Both government and
nongovernment users (eg, professional media, alternative media,
civil organizations, and regular users) had intertwined agendas
with mutual influence.

Unlike previous studies that predominantly focused on single
aspects of vaccine communication (eg, [17,34]), this study used
a more holistic approach to reveal the role of various actors
including the government, professional media, alternative media,
civil organizations, and regular users in promoting vaccination
agendas and the interplay of diverse actors in the vaccine agenda
setting process. The results of this study suggest that
professional media acts as more than simple information
providers to the government but rather effectively pushed agenda
setting as a supplementary process to vaccine promotion by
raising salient topics that the government fails to identify due
to lack of information and experience. The government,
however, is more likely to respond to professional media to
receive timely feedback on vaccination issues for the purpose
of learning and improvement. This can be observed from the
impact that professional media has on the government in the
agenda setting process through topics of “vaccine importance”
(Granger causality results: F5,12=7.192; P=.003), “vaccine
effectiveness” (Granger causality results: F3,13=4.391; P=.02),
“trust in government” (Granger causality results: F3,13=3.924;
P=.03), “COVID-19 risk” (Granger causality results:
F5,15=5.173; P=.006), and vaccine affordability (Granger
causality results: F3,13=4.754; P=.02).

Who Leads the Vaccine Agenda of Whom?
Despite a significant correlation between the government agenda
network and the agenda network of nongovernment users, the
government had a limited impact on the agenda attributes of
different Facebook user categories and vice versa. As Facebook
is an open platform where information from a wide variety of
sources freely circulates and interacts, it is difficult to determine
the driving force behind the vaccine promotion agenda on the
platform [55]. In other words, nongovernment users’ vaccine
promotion agendas may have been impacted by other sources,
such as the World Health Organization or other health
professionals, which indicates a multidirectional effect.

As such, it appears that the government did not unilaterally set
the agenda of nongovernment users. Instead, there is a “2-way”
interaction between government and nongovernment user
agendas. Due to their mutual effect, neither the government nor
nongovernment users lead the agenda on social media. It is
likely that the government and different types of nongovernment
users pay attention to the agendas of one another and interact
with one another to build the overall vaccine agenda network
on Facebook. This corresponds with the argument by Finset et
al [63] that, amid the near-chaotic flow of information, every
individual, in different roles and with varied responsibilities,

can contribute to the development of the information flow and
agenda on COVID-19. A plausible explanation for this outcome
could be the unprecedented nature of the health crisis. The lack
of up-to-date crisis communication planning and experience
with coping with a novel crisis may challenge the government’s
agenda-setting process, particularly in terms of vaccine
promotion.

Comparison With Prior Work
Previous agenda setting research found that changes in the
government agenda led to changes in the public agenda [64].
However, during the COVID-19 pandemic, the public was no
longer passive consumers of social media. Our results indicating
the different concerns of vaccination between the government
and regular users corroborate previous findings by Zhou and
Zheng [44] who found that, during the COVID-19 pandemic,
the government’s Weibo account exhibited a more
propaganda-oriented approach, whereas public accounts were
more attentive to issues that directly pertained to self-interest,
such as protective measures against the virus and minimizing
financial losses. Unlike other political issues, the government
may have less impact on shaping public agenda due to the more
collected information possessed by the public. This is partly
consistent with some recent research indicating that shaping
public opinion in a fragmented digital environment such as
social media is challenging [54,65]. Additionally, the case of
Macao also indicates selective public responsiveness on topics
that are clear and straightforward, which partially verifies the
observation by Kim [66] that individuals are more receptive to
topics that are unambiguous and do not demand extensive
background knowledge as they may not have enough
background information with which to fully process any new
information on complex topics.

Practical Implications
Our study provides several implications to inform the
management of future pandemics. First, given the disparity
between the government and public agenda networks, it is
crucial to bridge the gap to enable effective vaccine
communication. Policymakers should strive for alignment
between government messaging and public concerns, addressing
issues that are prominent within the public discourse. Social
media listening activities are invaluable tools for understanding
public health concerns. By monitoring public conversation
through social media listening, policymakers can develop
targeted messaging and communication strategies that
effectively address public concerns and provide accurate
information to dispel misconceptions.

Second, the low responsiveness of the public agenda to the
government agenda indicates the need to enhance the
government impact on the public agenda. Governments can
streamline their messaging by using plain language, which helps
individuals with different levels of knowledge understand
information easily. Clear and concise presentation avoids
unnecessary complexity. Visual aids and interactive media can
also be used to improve public involvement and responsiveness,
overcoming barriers caused by limited background information.
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Third, policymakers’ efforts to convince the public to receive
vaccines in response to potential health risks have been shown
in our study to lead to a spillover of media attention that
significantly drives the vaccination agenda among the public.
Collaboration with influential media, including professional
and alternative media, thus offers a powerful means to facilitate
vaccination policy and improve public health. Governments
can utilize the extensive reach and persuasive power of media
outlets to actively involve and inform the public about specific
issues that should receive priority attention, thereby advancing
the government’s crisis management initiatives.

Fourth, civil organizations’ ability to shape public attention
toward vaccination issues by influencing the public agenda
network suggests that their impact on shaping the vaccination
agenda may be underestimated or overlooked. Driven by social
responsibility, civil organizations often dedicate their efforts to
promoting public health by increasing awareness and advocating
for public health policies [43]. The close ties to communities
enable them to be trusted sources of information for the public.
Therefore, through partnerships with civil organizations,
governments can leverage their networks, expertise, and
community trust to effectively promote vaccination initiatives.

Limitations
Several limitations warrant consideration. First, broadening the
scope beyond vaccines to encompass diverse policies could
offer a more comprehensive understanding of public attention
allocation mechanisms. Researchers are encouraged to explore
various policies to enhance generalizability. Second, although
Facebook data provided valuable insights, the findings are

platform-specific and may not apply universally. Future studies
should incorporate a diverse set of social media platforms and
combine quantitative data with surveys and interviews for a
more nuanced perspective. Third, although this study explored
temporal agenda dynamics, it did not delve into the determinants
driving public attention intensity, such as government
transparency and issue salience. Investigating these factors could
provide valuable insights into the agenda setting process at the
government level.

Conclusions
This study investigated the communication dynamics of
COVID-19 vaccines in Macao, with a specific focus on how
government agendas impact other entities on Facebook. Our
results reveal that the Macao Government’s efforts to set the
vaccination agenda on Facebook have shown limited
effectiveness in shaping the public’s discourse and priorities
regarding vaccines. Such findings have profound implications
for shaping government responses to future pandemics.
Authorities, in their endeavor to legitimize policies, must
recognize the intricate interplay between their agendas and
public reception. Although agenda setting serves as a strategic
tool to promote vaccination, it also exhibits limitations. This
requires a shift toward more nuanced, strategy-focused research.
This study offers indispensable insights in the area of crisis
communication, underscoring the urgent necessity of bridging
the gap between government and public agendas. Furthermore,
it illuminates the potential of collaborations with influential
media outlets and civil organizations as formidable channels to
augment the reach and influence of vaccination agendas set by
the government.
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Abstract

Background: Social media posts by clinicians are not bound by the same rules as peer-reviewed publications, raising ethical
concerns that have not been extensively characterized or quantified.

Objective: We aim to develop a scale to assess ethical issues on medical social media (SoMe) and use it to determine the
prevalence of these issues among posts with 3 different hashtags: #MedTwitter, #IRad, and #CardioTwitter.

Methods: A scale was developed based on previous descriptions of professionalism and validated via semistructured cognitive
interviewing with a sample of 11 clinicians and trainees, interrater agreement, and correlation of 100 posts. The final scale assessed
social media posts in 6 domains. This was used to analyze 1500 Twitter posts, 500 each from the 3 hashtags. Analysis of posts
was limited to original Twitter posts in English made by health care professionals in North America. The prevalence of potential

issues was determined using descriptive statistics and compared across hashtags using the Fisher exact and χ2 tests with Yates
correction.

Results: The final scale was considered reflective of potential ethical issues of SoMe by participants. There was good interrater
agreement (Cohen κ=0.620, P<.01) and moderate to strong positive interrater correlation (=0.602, P<.001). The 6 scale domains
showed minimal to no interrelation (Cronbach α=0.206). Ethical concerns across all hashtags had a prevalence of 1.5% or less
except the conflict of interest concerns on #IRad, which had a prevalence of 3.6% (n=18). Compared to #MedTwitter, posts with
specialty-specific hashtags had more patient privacy and conflict of interest concerns.

Conclusions: The SoMe professionalism scale we developed reliably reflects potential ethical issues. Ethical issues on SoMe
are rare but important and vary in prevalence across medical communities.

(JMIR Infodemiology 2024;4:e47770)   doi:10.2196/47770

KEYWORDS

ethics; social media; conflict of interest; interventional radiology; X; Twitter; cardiology; privacy; ethical issues; medical social
media; prevalence; professional; professionalism

Introduction

The digital footprint of clinicians on social media has increased
over the past 10 years with an estimated 90% and 65% of

clinicians using social media for personal and professional
purposes, respectively [1]. Medical social media (SoMe) has
blossomed, offering clinicians opportunities to collaborate across
distances, debate treatment approaches for challenging cases,
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and engage in public health advocacy [2-4]. However, this rapid
integration of social media in health care has outpaced guidance
that counsels on how to avoid ethical concerns that can occur
with SoMe [2].

The risks of SoMe have not gone unnoticed. Several professional
organizations have released statements outlining guiding
principles for online clinician behavior, including the American
Medical Association and the Federation of State Medical Boards
[5,6]. There have also been opinion pieces and recommendations
published within various specialties such as neurology,
dermatology, and vascular surgery [7-9]. Guidelines and opinion
pieces are helpful starting points but may not address subtle but
important breaches in professionalism [10] and may fail to
resonate with the majority of users’ experiences and values [2].

A few studies have assessed the prevalence of issues such as
violations of the HIPAA (Health Insurance Portability and
Accountability Act) [10]. However, the potential issues are
much broader than explicit patient privacy violations [10,11].
This study sought to develop a more complete scale of ethical
issues related to medical SoMe to provide empirical data on
these issues. The authors hypothesized that a scale could be
developed that captures the most salient ethical issues with good
interrater agreement and correlation. The authors also
hypothesized that applying such a scale would find that the
prevalence of issues was small and varied across different
professional groups.

Methods

Scale Development
This study was approved by the Stanford University Institutional
Review Board (eProtocol 60351). An initial draft of the scale

was developed based on medical professionalism in the new
millennium: a physician charter created by the American Board
of Internal Medicine Foundation, American College of
Physicians Foundation, and the European Federation of Internal
Medicine as well as a study by Chandratilake et al [12] assessing
definitions of medical professionalism across cultures [13].
These sources were selected to attempt to define medical SoMe
ethics that would be reflective of common definitions of medical
professionalism. The initial draft consisted of 5 criteria rated
on a 3-point scale: no ethical concern (0), potential ethical
concern (1), and clear ethical concern (2). The 3-point scale
was selected to reflect a concept raised by both initial sources
that ethical issues occur on a continuum, allowing the scale to
also capture less overt violations of professionalism.

The initial scale was then vetted for validity via semistructured
cognitive interviewing with a group of clinicians and trainees
[14]. Interviewees were recruited via email and were primarily
a convenience sample at the authors’ institutions. They were
invited to provide feedback on a draft of the scale, which
included fabricated posts and example scoring for
demonstration. Purposeful recruiting was used to ensure that
interviewees were diverse in terms of specialty, training level,
and gender identity. Iterative adjustments were made to the
initial scale based on interviewee feedback until additional
interviews continued suggesting that the scale was reflective of
interviewee perceptions of potential ethical issues related to
medical SoMe. This occurred after 11 interviews with
interviewees from 6 different specialties whose demographics
are shown in Table 1.
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Table 1. Demographic characteristics of interviewees (N=11).

Interviewees, n (%)Characteristic

Training level

2 (18)1st-year MDa

0 (0)2nd-year MD

2 (18)3rd-year MD

1 (9)4th+ year MD

0 (0)1st-year resident

1 (9)2nd-year resident

1 (9)3rd+ year resident

4 (36)Attending

Institution

8 (73)Stanford University School of Medicine

1 (9)University of California San Diego

2 (18)University of Kansas Medical Center

Specialty

2 (18)Anesthesiology

1 (9)DRb/IRc

1 (9)Emergency medicine

1 (9)Primary care

1 (9)Psychiatry

1 (9)Otolaryngology

4 (36)Undeclared

Sex

7 (64)Female

4 (36)Male

aMD: Doctor of Medicine.
bDR: Diagnostic Radiology.
cIR: Interventional Radiology.

The vetted scale scored posts on 6 domains, using the same
3-point scale (Table 2). Scale item interrelation as well as scale
interrater agreement and correlation were assessed by having 2
researchers use the scale to independently rate 50 random posts
each from #MedTwitter between June 15, 2021, and August
15, 2021, with an overlap of 10 tweets. Posts were identified

using the Healthcare Hashtag Project (Symplur, LLC). The
interrelation of scale items was assessed via Cronbach α.
Interrater agreement was assessed via Cohen κ and interrater
correlation was assessed via Spearman correlation coefficient,
assuming a nonlinear relationship. An α of <.05 was predefined
as statistical significance.
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Table 2. Medical social media professionalism scale.

ScorePrinciple

2=major concern1=minor concern0=no concern

Patient privacy

Post uses one or more HIPAA
identifiers that allows for easy
identification.

Post omits HIPAA identifiers but
uses information that could potential-
ly allow for patient identification,
particularly when combined with
the author’s known practice loca-
tion, medical specialty, or rarity of
medical condition.

Post omits HIPAAa identifiers
and any other details that in
combination would enable pa-
tient identification.

Does the post maintain patient privacy
by applying appropriate safeguards for
patient information and removing pa-
tient identifiers?

Patient dignity

Post is objectifying or dehuman-
izing, treating patients as being
of lesser intelligence or caliber.

Post contains references, images, or
language that could be negatively
construed such that some may take
offense.

Post treats patients as individu-
als worthy of respect and does
not demean the patient in any
way.

Does the post treat patients with respect
and avoid the use of degrading lan-
guage or images?

Information accuracy

Information in the post is overtly
sensational and makes baseless
claims.

Information in the post is ambiguous
or exaggerated in a manner that
could lead to misinterpretation.

Information in the post is rea-
sonably supported by current
evidence and does not make
superlative claims.

Is the information medically accurate
with no counterfactual, exaggerated, or
otherwise misleading content?

Conflict of interest

The post promotes or endorses
products or services without a
proper declaration of conflicts
and also makes authoritative
claims about these products.

The post promotes or endorses
products or services without a decla-
ration of conflicts, however, it does
not make authoritative claims about
these products.

The post does not promote or
endorse products or services
without an appropriate declara-
tion of any associated financial
ties.

Is the post unduly influenced by ulteri-
or motives for private gain without
proper acknowledgment or disclosure
in a way that could affect information
accuracy?

Justice and equity

The post explicitly expresses
sentiments that are discriminato-
ry and is a proponent for the dif-
ferential treatment of individuals
based on these prejudiced no-
tions.

The post contains ideas associated
with stereotypes or broad generaliza-
tions without suggesting the differ-
ential treatment of individuals based
on these stereotypes.

The post does not express or
imply any discriminatory senti-
ments or propagate a stance that
either sustains or widens in-
equities in health care.

Is the text or images in the post discrim-
inatory based on race, gender, socioe-
conomic status, ethnicity, religion,
sexual orientation, or any other social
category and does the post promote
further inequities in health care?

Interprofessional respect

Post clearly mocks or disrespects
colleagues, portraying them as
inferior or of lesser intelligence
or caliber.

Post contains references, images, or
language that could be negatively
construed by other colleagues as
offensive.

Post treats colleagues and other
health care professionals with
esteem and does not demean
them in any way.

Does the post treat colleagues and other
health care professionals with respect
and avoid the use of stereotypes,
mockery, and incivility?

aHIPAA: Health Insurance Portability and Accountability Act.

Evaluation of Posts
The validated scale was then used to assess the prevalence of
ethical issues among posts using 3 distinct hashtags:
#MedTwitter, #IRad, and #CardioTwitter. These were selected
as they are the most frequently used hashtags among the general
medical community, interventional radiologists, and
cardiologists, respectively, as indicated by the number of posts
per day for each hashtag on the Symplur software. Interventional
Radiology (IR) and cardiology were selected to provide
examples of more specialty-specific posts to contrast with
#MedTwitter as they are primarily used by physician specialists
in those fields to discuss more expert medical content compared
to #MedTwitter. Posts were limited to those in English posted
by individuals (rather than societies or bots) who are clinicians
or health care trainees in North America between December
10, 2021, and January 10, 2022. Retweets were also excluded.

A total of 1500 posts were analyzed, 500 from each hashtag.
Data were analyzed using descriptive statistics as well as Fisher

exact tests and χ2 tests with Yates correction to compare the
prevalence of ethical issues across hashtags. These statistical
tests were selected to adjust for the low rates of ethical issues.
All statistical analyses were performed using SPSS software
(IBM, Inc).

Ethical Considerations
All procedures were approved by the Stanford University
Institutional Review Board (IRB#: 60351) and were per the
legal and ethical standards of the responsible committee on
human experimentation institutionally. Additionally, we adhered
to local, national, regional, and international laws and
regulations regarding the protection of personal information,
privacy, and human rights.
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Results

Scale Development
Cognitive interviewing supported the validity of the initial 5
domains. However, the initial interviewees felt the initial scale
did not address interspecialty and inter–health care professional
cyberbullying, leading to the addition of interprofessional
respect as a 6th domain. Interviewees also suggested the addition
of language to better delineate a minor concern (1) rating from
a major concern (2) rating. Subsequent interviews confirmed
that the 6-domain scale, each rated from 0 to 2, was reflective
of their perceptions of SoMe ethics.

The scale demonstrated good interrater agreement (Cohen
κ=0.620, P<.01) and moderate to strong positive correlation
between the scores given by the independent raters (Spearman
correlation coefficient=0.602, 95% CI 0.515-0.677; P<.001).
The scale domains showed minimal to no interrelation
(Cronbach α=0.206).

Evaluation of Posts
Application of the scale to 1500 Twitter posts showed that
ethical concerns across all 6 domains were infrequent with the
majority in the range of 0.2% (n=1) to 1.2% (n=6). Further, 1
exception was a minor conflict of interest concern among posts
using #IRad, which demonstrated a prevalence of 3.6% (n=18).
Relative to posts using #MedTwitter, posts using #IRad or
#CardioTwitter were more likely to have patient privacy
concerns (n=7, 1.4% vs 0%, P=.02; n=6, 1.2% vs 0%, P=.04;
respectively). Posts using #IRad were also more likely to have
conflicts of interest concerns relative to #MedTwitter and
#CardioTwitter (n=18, 3.6% vs n=3, 0.6%, P<.001; n=18, 3.6%
vs n=4, 0.8%, P=.005; respectively). Issues related to
interprofessional respect were also more prevalent in #IRad
posts than #CardioTwitter (n=8, 1.6% vs n=1, 0.2%, P=.04) but
similar to #MedTwitter (n=8, 1.6% vs n=6, 1.2%, P=.79). As
a result, across all domains, #IRad posts had the greatest overall
prevalence of ethical concerns. Table 3 summarizes the
prevalence of ethical concerns by hashtag and domain and
Tables 4-6 summarize comparisons between hashtags.

Table 3. Prevalence of ethical concerns on medical social media by hashtag (N=500).

Major concern (2), n (%)Minor concern (1), n (%)No issue (0), n (%)

MedTwitter prevalence

0 (0)0 (0)500 (100)Patient privacy

2 (0.4)3 (0.6)495 (99)Patient dignity

1 (0.2)2 (0.4)497 (99.4)Information accuracy

0 (0)0 (0)500 (100)Conflict of interest

0 (0)1 (0.2)499 (99.8)Justice and equity

2 (0.4)4 (0.8)494 (98.8)Interprofessional respect

IRa prevalence

1 (0.2)6 (1.2)493 (98.6)Patient privacy

2 (0.4)1 (0.2)497 (99.4)Patient dignity

1 (0.2)2 (0.4)497 (99.4)Information accuracy

0 (0)18 (3.6)482 (96.4)Conflict of interest

0 (0)0 (0)500 (100)Justice and equity

1 (0.2)7 (1.4)492 (98.4)Interprofessional respect

Cardiology prevalence

0 (0)6 (1.2)494 (98.8)Patient privacy

0 (0)1 (0.2)499 (99.8)Patient dignity

0 (0)0 (0)500 (100)Information accuracy

2 (0.4)2 (0.4)496 (99.2)Conflict of interest

0 (0)0 (0)500 (100)Justice and equity

0 (0)1 (0.2)499 (99.8)Interprofessional respect

aIR: Interventional Radiology.
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Table 4. Comparison of ethical concerns on medical social media by hashtaga: #IRad vs #MedTwitter.”

Chi-squared with Yates correction P
value

Fisher exact P value#MedTwitter, n (%)#IRad, n (%)

#IRad vs #MedTwitter

.02b.02b0 (0)b7 (1.4)bPatient privacy

.72.735 (1)3 (0.6)Patient dignity

≥.99≥.993 (0.6)3 (0.6)Information accuracy

<.001b<.001b0 (0)b18 (3.6)bConflict of interest

.32≥.991 (0.2)0 (0)Justice and equity

.79.796 (1.2)8 (1.6)Interprofessional respect

aComparisons reflect the composite of major and minor concerns for each scale criterion. P<.05 on a 2-tailed analysis was considered significant.
bComparisons that are significant.

Table 5. Comparison of ethical concerns on medical social media by hashtaga: #CardioTwitter vs #MedTwitter.”

Chi-squared with Yates correc-
tion P value

Fisher exact P
value

#MedTwitter, n (%)#CardioTwitter, n (%)

#CardioTwitter vs MedTwitter

.04b.03b0 (0)b6 (1.2)bPatient privacy

.22.225 (1)1 (0.2)Patient dignity

.62.373 (0.6)0 (0)Information accuracy

.37.220 (0)4 (0.8)Conflict of interest

.32≥.991 (0.2)0 (0)Justice and equity

.13.126 (1.2)1 (0.2)Interprofessional respect

aComparisons reflect the composite of major and minor concerns for each scale criterion. P<.05 on a 2-tailed analysis was considered significant.
bComparisons that are significant.

Table 6. Comparison of ethical concerns on medical social media by hashtaga: #IRad vs #CardioTwitter.”

Chi-squared with Yates correction
P value

Fisher exact P value#CardioTwitter, n (%)#IRad, n (%)

#IRad vs #CardioTwitter

.78≥.996 (1.2)7 (1.4)Patient privacy

.62.621 (0.2)3 (0.6)Patient dignity

.62.370 (0)3 (0.6)Information accuracy

.005b.004b4 (0.8)b18 (3.6)bConflict of interest

≥.99≥.990 (0)0 (0)Justice and equity

.04b.04b1 (0.2)b8 (1.6)bInterprofessional respect

aComparisons reflect the composite of major and minor concerns for each scale criterion. P<.05 on a 2-tailed analysis was considered significant.
bComparisons that are significant.

Discussion

Principal Results
This study sought to develop a scale to characterize and
quantitate ethical issues on SoMe and then apply the scale to 3
different SoMe communities based on Twitter hashtags.
Although some guidelines and opinion pieces exist describing
potential ethical issues on SoMe, to the best of the authors’

knowledge, no scales had been created, making it difficult to
assess the prevalence of ethical issues and guide efforts to
mitigate potential harm [10]. This is important not only because
of legal implications, but this behavior can exacerbate existing
hierarchies and damage mutual trust.

The scale proposed in this study was developed via a structured
deductive and inductive approach. Key domains were identified
based on literature review as well as qualitative interviews,
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consistent with best practices in scale development [15,16].
This helped ensure that the scale was comprehensive and
perceived as valid. Interrater agreement and correlation were
good but likely limited by the qualitative nature of these
assessments. The lack of interrelation between domains is not
unexpected. A post with a patient privacy concern would not
necessarily be more likely to have a conflict of interest as well.

Application of the scale to Twitter posts with #MedTwitter,
#CardioTwitter, and #IRad yielded a couple of important
observations. First, the prevalence of ethical concerns is low,
often around 1% (n=5) across domains. However, such a number
is not insignificant. According to Symplur software, there are
approximately 5000 to 8000 posts per day made using
#MedTwitter, equating to approximately 50-80 ethically
concerning posts per day. These findings are similar to a 2011
study of over 5000 general tweets from health care providers,
which found 3% of tweets were unprofessional and 0.7% were
concerning for breaches in patient privacy [17].

A second interesting observation was how the prevalence of
ethical concerns varied across the 3 groups of posts analyzed.
For example, posts with the specialty-specific hashtags
#CardioTwitter and #IRad had more patient privacy and conflict
of interest concerns than general #MedTwitter posts. This may
be due to a higher likelihood of posting specific patient cases
in specialty-specific communities to illustrate an approach or
solicit recommendations compared to the general #MedTwitter
community. Posts with conflict of interest were also most
prevalent in #IRad posts, which may be due to IR being a more
procedural specialty than cardiology in general, and a specialty
whose professional identity is closely tied to specific procedures
and devices rather than patient populations [18]. Previous
authors have observed similar variations in posts across
specialties. The dominating content among IR posts tends to be
images of an intervention performed on a patient to share new
techniques or gather recommendations for superior approaches
[19]. In contrast, cardiology posts are dominated by short
synopses of trending research papers with reactive commentary
[20]. However, interventional cardiology posts can share similar
traits to IR [20,21], likely accounting for some of the overlap
in the ethical issues among these posts.

Practical Implications
The persistence of posts with ethical issues among medical
professionals and trainees invites evaluation of current social
media training programs. The domains in the scale offer a useful
framework with validated language and examples to offer
caution against ethical concerns that go beyond HIPAA
violations. The framework can also foster a mental model to
assist in evaluating personal tweets before publishing a post.
This is important as once a post is made; it is difficult to retract
it completely before it is shared or copied by other users.

The results from this study also provide a foundation for
evidence-based social media guidelines by professional bodies
and specialty-specific societies. As demonstrated by differences
in the prevalence of ethical concerns between #CardioTwitter
and #IRad, not all ethical issues are equally problematic, and
with this data, guidelines can be tailored to the target group.
This scale can be applied to hashtags used by other specialists

to uncover trends in ethical issues and address those weak points
more specifically. For example, social media statements for
interventional radiologists may include more specific and
detailed guidance on avoiding conflict of interest concerns.

From an academic perspective, the scale and methodology
described in this study offer a way to assess the efficacy of
interventions aimed at reducing the frequency of ethical issues
on SoMe. Previously, there were limited ways to quantify and
characterize the landscape of SoMe professionalism. However,
now it is possible to perform pre- and poststudies with a specific
intervention of interest.

Although this study focused on the application of the
professionalism scale to Twitter posts as a proof of concept, the
principles could be translated to other platforms as they do not
include any evaluation metric that is inherent to Twitter, since
the development of the scale was independent of any specific
platform. From a validation perspective, this translation would
be easiest for platforms that mimic Twitter by using a
combination of texts and images, such as Facebook and
Instagram posts. Importantly, videos were not assessed in this
study, which would be of interest in analyzing Reels, TikTok,
and YouTube videos. However, the methodology of this study
can be applied to these different social media contexts to assess
the generalizability of the scale.

Limitations and Future Directions
This study had important limitations. The scale provides a good
estimate of the prevalence of ethical issues, but it is not a
thorough investigation of whether a given issue definitively
exists especially for domains like conflict of interest that are
challenging to verify without collateral information. Although
the scale development incorporated input from a diverse group
of clinicians and trainees in terms of training level, specialty,
and gender identity, the sample was a small convenience sample
from academic settings that could have missed important input
from other clinicians in different contexts, for example, private
practice. The sample was limited to posts in English from North
America due to language restrictions and greater cultural
familiarity. However, this may limit the external validity of the
scale and results in other cultures. The authors relied on
self-described Twitter biographies to limit posts to health care
professionals, which could have been inaccurate.

To address some of these limitations, future steps to continue
improving the scale would include expanding the sample to
include more physicians and trainees from private practice,
community hospitals, and primary care so that these additional
perspectives can further refine the scale. Additionally, although
the Cohen κ for interrater reliability already suggests good
agreement, there may be domains with greater discrepancies
than others. The language of these domains can be made more
precise or explicit based on a bigger sample feedback to
potentially improve consistency. Lastly, a comparison among
different platforms would help directly assess if scale validity
transcends social media contexts.

Conclusions
The developed SoMe ethics scale is reliable, relevant, and
concisely captures the myriad ethical tensions that can arise on
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these platforms. Ethical issues are present in a small but
meaningful percentage of posts among health care professionals,
which vary in important ways across different specialties and
professional groups. The authors hope this scale will allow

researchers to better characterize and assess the prevalence of
ethical issues on SoMe while guiding more targeted
interventions to mitigate these issues.
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(JMIR Infodemiology 2024;4:e57880)   doi:10.2196/57880

In “Verification in the Early Stages of the COVID-19 Pandemic:
Sentiment Analysis of Japanese Twitter Users” (JMIR Infod
2024;3(1):e37881) the authors made 3 corrections.

1. The authorship list was previously listed as:

Ryuichiro Ueda, MA; Feng Han, MA; Hongjian
Zhang, MD; Tomohiro Aoki, MA; Katsuhiko
Ogasawara, Prof Dr

And has now been changed to:

Ryuichiro Ueda, MHA; Feng Han, MHA; Hongjian
Zhang, PhD; Tomohiro Aoki, MHA; Katsuhiko
Ogasawara, MBA, PhD

2. Author Feng Han’s affiliation was originally:

Faculty of Health Sciences, Hokkaido University,
Sapporo, Japan

And was changed to:

Graduate School of Medicine, Hokkaido University,
Sapporo, Japan

3. The phone number listed for the corresponding author was
originally:

81 011 716 2111

And was changed to:

81 11 706 3409

The correction will appear in the online version of the paper on
the JMIR Publications website on March 14, 2024 together with
the publication of this correction notice. Because this was made
after submission to PubMed, PubMed Central, and other full-text
repositories, the corrected article has also been resubmitted to
those repositories.
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In “Exploring the Impact of the COVID-19 Pandemic on Twitter
in Japan: Qualitative Analysis of Disrupted Plans and
Consequences” (JMIR Infodemiology 2024;4:e49699) the
authors made one addition.

The fourth author was listed as follows:

Shoko Wakamiya1, PhD.

1. Division of Information Science, Graduate School
of Science and Technology, Nara Institute of Science
and Technology, Ikoma, Japan

This has been changed by adding the second affiliation as
follows:

Shoko Wakamiya1, 2, PhD.

1. Division of Information Science, Graduate School
of Science and Technology, Nara Institute of Science
and Technology, Ikoma, Japan

2. Institute of Industrial Science, The University of
Tokyo, Tokyo, Japan

The correction will appear in the online version of the paper on
the JMIR Publications website on October 29, 2024, together
with the publication of this correction notice. Because this was
made after submission to PubMed, PubMed Central, and other
full-text repositories, the corrected article has also been
resubmitted to those repositories.
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Abstract

Despite challenges related to the data quality, representativeness, and accuracy of artificial intelligence–driven tools, commercially
available social listening platforms have many of the attributes needed to be used for digital public health surveillance of human
papillomavirus vaccination misinformation in the online ecosystem.

(JMIR Infodemiology 2024;4:e54000)   doi:10.2196/54000
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Introduction

The COVID-19 pandemic accelerated the spread of
misinformation online, creating an “infodemic” that had
profound effects on health behavior [1]. The breadth and depth
of COVID-19 misinformation expanded to include all
vaccinations, such as human papillomavirus (HPV) vaccination,
depressing already suboptimal vaccination uptake in the United
States [1,2]. As HPV vaccination is critical to the prevention
of various cancers, this could pose significant cancer control
challenges in the future [2]. There is an urgent need to address
HPV vaccination misinformation to increase HPV vaccination
uptake [2]. Behavioral interventions can counter misinformation
online, but they are typically limited to a single social media
platform without geographic specificity [3].

Public health surveillance (PHS) is defined by the Centers for
Disease Control and Prevention (CDC) as “the ongoing,
systematic collection, analysis, interpretation, and dissemination

of data regarding a health-related event for use in public health
action to reduce morbidity and mortality and to improve health”
[4]. Digital PHS (DPHS) uses data from online sources, often
collected outside of traditional PHS, for similar purposes [5].
There has been debate as to the ethics of using publicly available
online data for DPHS [5]. However, the pandemic illustrated
the need for user-friendly, timely, interactive digital tools to
drive health-related intervention [6].

Social listening (SL) is the process of aggregating data from
across online channels to collect real-time measures of emotions,
opinions, and themes, typically through platform algorithms
that rely on machine learning and artificial intelligence (AI) [7].
While SL platforms’AI-driven tools for emotion and sentiment
detection can be unreliable, machine learning provides an
opportunity to “train” SL platforms for greater accuracy over
time in the automated recognition of emotions and sentiments
[8]. The World Health Organization Early AI-Supported
Response With Social Listening Platform (WHO EARS) uses
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an SL dashboard to provide health professionals access to
information from across the internet to assist in the development
of timely responses to COVID-19 narratives that occur online
at the global and country levels, highlighting the growing
acceptance of such tools in public health [7].

The purpose of this exploratory study was to assess the
feasibility of using a commercially available SL platform to
monitor HPV vaccination misinformation online at the national
(ie, within the United States overall) and state (ie, within
Mississippi and Rhode Island) levels.

Methods

Ethical Considerations
This study received institutional review board exemption from
West Virginia University (protocol #00152755).

Study Design
Brandwatch was the commercially available SL platform
selected for this exploratory study. It was selected after
reviewing functionalities of leading SL platforms and having
conversations about capabilities with representatives from
Agorapulse, Brandwatch, Hootsuite, and Sprout Social. While
most platforms had similar functionalities and data access,
Brandwatch was selected based on opportunities to build queries
with greater geographic specificity. While there is limited
research on SL platform functionality within public health,
Brandwatch was previously studied for the accuracy of
AI-driven analyses [8]. The previously cited limitations of
Brandwatch AI-driven tools informed the study team’s
systematic, routine approach to training.

The research team received onboarding from Brandwatch
through 5 structured, live training sessions. Two research team
members completed a self-paced online training certificate.
After onboarding was complete, the research team’s SL lead
analyst (AS) built an HPV vaccination query within Brandwatch,
using keywords and phrases identified through previous research
and with research team consensus [9]. From this query, AS,
with support from Brandwatch developers, created a dashboard
to monitor online conversations within the United States overall
and in 2 states—Mississippi, the US state with the lowest HPV
vaccination rate, and Rhode Island, the US state with the highest
vaccination rate. The research team regularly reviewed the query
keywords and updated them as needed for increased relevancy
and accuracy.

Brandwatch AI-driven tools were trained to recognize sentiments
and emotions related to HPV vaccination. Sentiment categories
for this study were different from the ones provided
automatically by Brandwatch within the platform and were
determined by the research team based on previous research
[9]. Sentiment categories included “fact-based information,”
“pro-vaccine opinions,” “misinformation,” “anti-vaccine
opinions,” and “neutral comments.” These sentiment categories
were built into the dashboard by a Brandwatch developer in
conjunction with AS. The initial AI-driven recognition of these
content categories was inaccurate. For example, all content that
mentioned “cancer” was automatically considered negative by
the SL platform AI. AS trained the AI-driven sentiment tool to

recognize the intended content by reviewing aggregated social
media comments, as well as other online articles and posts
within Brandwatch, and adding them to the appropriate
categories to spur AI recognition. During this AI training
process, another sentiment category—“irrelevant”—was added,
as content that used similar language but was not directly related
to HPV was identified. The Brandwatch AI-driven sentiment
tool was trained by AS routinely over a 6-month period to
enhance the recognition of categories. This routine training
significantly improved category recognition within the SL
platform but was not completely accurate upon periodic spot
reviews by the research team. The AI-driven tool for recognizing
emotions automatically included categories such as “anger,”
“disgust,” “fear,” “joy,” “sadness,” and “surprise.” Like the
AI-driven sentiment tool, the identification of correct emotion
categories was initially incorrect and required routine training
by AS to improve accuracy.

Once the SL platform was built, the research team evaluated
the dashboard, query, and implementation process notes to
assess the feasibility of using a commercially available SL
platform for HPV vaccination misinformation DPHS. This
assessment was completed by using an adaptation of the CDC’s
attributes for an effective PHS system [4]. The attributes adapted
in this study were identified from CDC iterations published
since 1988 [10]. The adaption of attributes involved the
inclusion of consistent elements and associated definitions from
across these CDC iterations; the addition of “cost” as a potential
challenge to scaling; and the removal of “predictive value
positive,” as the proposed DPHS approach would assess online
narratives as opposed to a specific health condition. Consensus
on each attribute was reached among the research team
members.

Results

Table 1 details each adapted PHS system attribute and the
opportunities and limitations with regard to using a
commercially available SL platform for HPV vaccination
misinformation DPHS. Opportunities include user-friendly
dashboards with real-time data monitoring and platform
adaptability. For example, from June 21 to 24, 2023, the research
team was able follow the spread of misinformation through
social media posts related to a lawsuit filed by the Children’s
Health Defense Fund, an organization led by prominent
antivaccine activist Robert Kennedy Jr. However, while the SL
platform dashboards are user-friendly, it took significant staff
time, expertise, and routine maintenance to keep them relevant
and as accurate as possible. Brandwatch was also found to be
adaptable to the ever-changing online information ecosystem;
however, the quality of this information was dependent on data
access agreements with individual social media companies,
which could change at any time. Additional challenges to using
an SL platform for DPHS include concerns with data quality,
representativeness, and the accuracy of AI-driven tools. There
are limited ways to validate data within the SL platform itself.
Data may be downloaded from Brandwatch and externally
analyzed for sentiments and emotions, but this process would
remove the AI-driven, automated nature of the SL platform and
reduce the effectiveness of real-time monitoring in DPHS.
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Table 1. Feasibility of using a commercial social listening platform for human papillomavirus vaccination misinformation digital public health
surveillance. This was assessed based on attributes of public health surveillance systems adapted from the Centers of Disease Control and Prevention
[4].

Social listening limitationsSocial listening opportunitiesAttribute descriptionAttribute

Unclear if targeted interventions can effec-
tively shift online narratives

Events that may trigger misinformation spread can
be identified in real time, providing an opportunity
to target intervention

Contribution to prevention
and control of misinforma-
tion

Usefulness

Building effective queries requires a special-
ized skill set, including content area
knowledge and experience with social me-
dia and online ecosystems

Dashboards can automate monitoring and provide
easy-to-use tools to dig deeper into observable
trends

Simplicity of structure and
ease of use

Simplicity

Requires consistent monitoring by skilled
personnel to ensure queries are reflective
of current conditions

Queries can be adapted to new information and
trends by changing keywords and phrases

Adaptable to changing infor-
mation and conditions

Flexibility

Data are limited by access provided by
specific social media companies and the
effectiveness of the query, along with a
current lack of external data validation

Queries can include data beyond social media,
providing a window into narratives in online public
spaces

Validity and completeness
of data

Data quality

Demographic and geographic information
is imprecise and is limited based on avail-
ability

Queries can monitor conversation trends over time,
such as trends among audience panels and in vari-
ous locations, which provide insights into demo-
graphics and geographic boundaries

Accurately describes flow
of health information over
time and distribution by
place and person

Representativeness

Lack of evidence-based responses to counter
misinformation spread

Conversations can be monitored in real time, pro-
viding opportunities for quick responses to misin-
formation

Lapse of time between mis-
information and intervention

Timeliness

Effectively training algorithms to detect
sentiments and emotions is time-consuming
and requires a specialized skill set

Dashboard algorithms can be trained to detect
changes in sentiments and emotions, providing an
opportunity to respond to trends

Ability to identify true cases
and detect misinformation

Sensitivity

Changes to social media company policies
can affect access to data sources

Can collect new sources of online data as they
emerge to remain relevant in the shifting social
media and online ecosystem

System is resilient to changeStability

Ethical concerns with online public data
collection

Data collection is passive and does not burden par-
ticipants with active data requests

Willingness of persons and
organizations to participate

Acceptability

Effectiveness of the queries may be limited
by the personnel developing them and the
sophistication of the selected social listening
platform

Social listening platforms can be purchased and
adapted to different settings and health conditions,
with no specialized hardware required for operation

Duplication of system in an-
other setting

Portability

Sophisticated social listening platforms are
more costly, although they provide greater
access to data and tools

Online services can vary in price (≥US $2500 annu-
ally) based on the services needed for social listen-
ing

Cost-effectiveness of the
system

Costs

While Brandwatch was selected due to opportunities for greater
geographic specificity, this functionality was limited in scope
to only certain social media platforms, such as X (formerly
Twitter). Furthermore, geographic specificity was limited based
on whether social media users used geolocation functionalities
and whether locations were mentioned in profiles or posts.
Despite this, the research team identified and monitored different
narratives in misinformation within the two states included in
this exploratory study—Rhode Island and
Mississippi—suggesting the potential importance of assessing
online misinformation narratives based on geographic location.
For example, on the same day in January 2024, the top trending
story for Rhode Island focused on the Children’s Health Defense
Fund lawsuit, while in Mississippi, the top story focused on
childhood injury due to vaccination.

Discussion

Our findings suggest that there are opportunities and challenges
associated with using commercially available SL platforms to
monitor HPV vaccination misinformation online at the national
and state levels. While there were strengths across all PHS
system attributes, there were also significant weaknesses. These
weaknesses, particularly those related to data quality,
representativeness, and the accuracy of AI-driven tools, reflect
limitations to using current SL platforms for DPHS. If these
challenges are addressed over time however, this level of DPHS
could provide the foundation for different intervention
opportunities, such as using skilled infodemiologists to counter
online misinformation [11]. While the research team identified
challenges with the accuracy of Brandwatch AI-driven tools,
which matched previously published research [8], building
DPHS capabilities now could provide critical infrastructure if
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and when such tools improve over time. If found to be effective
in monitoring HPV vaccine misinformation, commercially
available SL platforms may be adapted to other fields and health
conditions. Findings may differ based on the SL platform used
and vendor access agreements with social media companies.

Future research should focus on increasing the specificity of
geographic location, studying strategies to increase the accuracy
of SL platform AI-driven tools, and testing targeted interventions
using SL platforms.
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Abstract

Background: Politicization and misinformation or disinformation of unproven COVID-19 therapies have resulted in
communication challenges in presenting science to the public, especially in times of heightened public trepidation and uncertainty.

Objective: This study aims to examine how scientific evidence and uncertainty were portrayed in US news on 3 unproven
COVID-19 therapeutics, prior to the development of proven therapeutics and vaccines.

Methods: We conducted a media analysis of unproven COVID-19 therapeutics in early 2020. A total of 479 discussions of
unproven COVID-19 therapeutics (hydroxychloroquine, remdesivir, and convalescent plasma) in traditional and online US news
reports from January 1, 2020, to July 30, 2020, were systematically analyzed for theme, scientific evidence, evidence details and
limitations, safety, efficacy, and sources of authority.

Results: The majority of discussions included scientific evidence (n=322, 67%) although only 24% (n=116) of them mentioned
publications. “Government” was the most frequently named source of authority for safety and efficacy claims on remdesivir
(n=43, 35%) while “expert” claims were mostly mentioned for convalescent plasma (n=22, 38%). Most claims on
hydroxychloroquine (n=236, 79%) were offered by a “prominent person,” of which 97% (n=230) were from former US President
Trump. Despite the inclusion of scientific evidence, many claims of the safety and efficacy were made by nonexperts. Few news
reports expressed scientific uncertainty in discussions of unproven COVID-19 therapeutics as limitations of evidence were
infrequently included in the body of news reports (n=125, 26%) and rarely found in headlines (n=2, 2%) or lead paragraphs (n=9,
9%; P<.001).

Conclusions: These results highlight that while scientific evidence is discussed relatively frequently in news reports, scientific
uncertainty is infrequently reported and rarely found in prominent headlines and lead paragraphs.

(JMIR Infodemiology 2024;4:e51328)   doi:10.2196/51328
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Introduction

The clear and accurate reporting of science to the public is
imperative to maintain public trust and ensure that public health
precautions are upheld [1]. Reporting science surrounding
protective measures and novel unproven COVID-19 therapeutics
during the first year of the pandemic was extraordinarily
challenging given the hyperpoliticization of COVID-19, the
misinformation or disinformation surrounding scientifically
unproven and unapproved therapies, and the reliance on
unsubstantiated science, for example, preprints or expert opinion
[2].

Despite the number of news sources available to the public
including legacy media and social media, many Americans
continue to rely on traditional sources of news. Traditional
media are forms of communication predating the internet and
include newspapers, broadcast, and radio among others. A 2014
survey by the American Press Institute found just over 60% of
Americans prefer to find news directly from news organizations
compared to social media (4%), word of mouth (2%), and
e-sharing with friends (1%) [3]. While social media and
interpersonal communications have been implicated in the
spread of misinformation and adoption of preventative
behaviors, a study published in 2020 on COVID-19 information
sources found traditional media sources (including television
and newspapers) were the most widely used sources on
COVID-19, and that the source of information individuals
reported using predicted their beliefs about the virus [4].

Reviewing the content of traditional media reports is particularly
important because broadcast networks, cable networks, and
online and print news are viewed as the most trustworthy and
reliable sources of information [4-6]. While news media has a
pivotal role in communicating credible scientific evidence [7],
some mainstream news outlets have propagated inaccuracies
and misinformation [8,9]. Misinformation may influence health
beliefs and impact compliance with public health
recommendations resulting in negative health consequences
[10]. The United States has the second highest prevalence of
COVID-19 misinformation compared to other countries [11],
which likely has impacted the health of millions of Americans
[12].

The rapid release of COVID-19 research disseminated by
numerous news sources with shifting health recommendations
has left many feeling overwhelmed and frustrated [13,14], which
may contribute to reducing trust in public health officials and
institutions [15-17]. Accurate news reporting should avoid hype
and speculation [18], illuminate scientific uncertainty, and
portray science as iterative and evolving [19-21]. Such portrayals
may serve to promote public trust and help citizens understand
why public health recommendations are susceptible to change
[22-24].

An examination of early COVID-19 therapeutics serves as an
ideal case study on which to examine the media portrayal of
scientific evidence because it was a time when there were no
approved treatments, prior to the development of proven
therapeutics and vaccines, and during a period of high public
trepidation and scientific uncertainty regarding COVID-19
treatments. In this study, we examined how scientific evidence
and uncertainty were portrayed in traditional and online US
news about 3 popular and potential COVID-19 therapeutics
(hydroxychloroquine, remdesivir, and convalescent plasma
[CP]) when no other US Food and Drug
Administration–approved treatments or vaccines were available.

Methods

Conceptual Framework
This research examined the portrayal of scientific evidence and
uncertainty of 3 unproven COVID-19 therapeutics prior to the
development of vaccines and compared its representation among
the body (full text or video) of news reports with headlines and
lead paragraphs. There are 2 widely understood and generally
accepted paradigms of science communication that focus on
the unidirectional delivery of information or active engagement
with the public [25-27]. These paradigms can further be divided
into 4 models of science communication, which are science
literacy (also referred to as the deficit model), contextual, lay
expertise, and public engagement or public participation [28].
The science literacy model is premised that information
transmitted by experts aims to reduce the deficit of science
knowledge among the public while the contextual model
similarly transmits information, but situates information to
specific audiences paying attention to culture, location, and
language among other relevant contexts. Both, however, focus
on the transmission of scientific information. The lay expertise
model acknowledges the limitations of science and endorses
“lay” knowledge as equal to scientific knowledge. The public
engagement model aims to address science policy issues through
active engagement and interaction with the public in a
democratic process. These latter 2 models focus on improving
engagement between science and society and recognize the
limitations of science and refrain from giving science any more
authority than other knowledge sources. Several scholars have
conceptualized variations or additions to these models and
outlined new goals of science communication [26,27,29,30].
However, these models remain largely theoretical and provide
little practical direction toward the practice of science
communication today, which involves an array of different
sources (eg, internet, social media, and legacy media), actors
(eg, general and science journalists, bloggers, influencers, and
others), and approaches (eg, traditional journalistic norms and
a plurality of practices among content contributors in the new
media environment) [31]. In addition, the models provide little
in terms of approaches to analyze contemporary news reports
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produced by traditional media outlets reported by journalists
because there is no accepted conceptual framework on the public
communication of science in the media and best practices to
convey scientific evidence and uncertainty to the public [32,33].
Instead, our analytical approach was informed by adopting a
lens of a changing science media communication landscape
where public reporting of science has moved beyond conveying
scientific facts and where journalists use frames to describe
science accurately while maintaining audience engagement
[31,34]. This, however, results in multiple challenges in
accurately reporting science to the public including science hype
[35]; errors of omission [36]; failure to report funding sources
and conflicts of interest [37]; inadequately detailing methods,
risks, and timelines [38-40]; improperly addressing scientific
uncertainty; and situating science in particular contexts, for
example, politics.

There is variability in the portrayal of scientific evidence and
uncertainty in the news media. Some studies have shown less
accurate portrayals where the results are discussed as certain
and the benefits overemphasized [41-44], while other studies
have demonstrated inaccuracies in reporting evidence when
comparing press releases and media articles with scientific
publications resulting in oversimplification, absence of
quantification, lack of explicitly reporting data sources, and the
absence of study limitations [45,46]. On the other hand,
scientific uncertainty on climate change among other specific
topics has been heightened in news media by journalists framing
science as inconclusive or providing equal space for opposing
viewpoints, even if one viewpoint is supported by substantial
scientific consensus and evidence while the other lacks credible
evidence [47-49]. News reports of scientific discoveries aiming
to provide balanced perspectives may inadvertently cause a
false balance and distort the public’s perception of consensus
surrounding scientific evidence [50].

This research was also informed by the reality that the public
often engages with snippets of information including a focus
and evaluation of articles based on headlines [51,52]. Our focus
on analyzing scientific evidence and uncertainty in headlines
and lead paragraphs, and comparing it with the body of news
reports was further informed by the primacy effect—a cognitive
bias where people recall and place greater emphasis on initial
pieces of information [53,54]—which may explain why
headlines and lead paragraphs are especially important in
shaping the audience’s understanding and judgment of news
stories.

Finally, our conceptual framework was also informed by a media
environment with a higher prevalence of COVID-19 health
misinformation and an understanding of the efforts to correct
news reports by health and scientific experts through media
fact-checking and myth-busting approaches [55-58]. While
several studies have shown the effectiveness of fact-checking
and the correction of misinformation postexposure at altering
beliefs [59-63], it remains unclear if such approaches would
fully address concerns of reported health misinformation. This
is partly due to differences in the focus fact-checkers and myth
busters consider when aiming to correct scientific facts, the
framing of science news stories by reporters, ambiguity and
discordance in the interpretation of scientific facts, and that

truth-telling may not always reach intended audiences [64-66].
Such approaches epistemologically rely on the assumption that
facts, even in the context of scientific evidence, can always be
clearly discerned from nonfactual information and that experts
can identify and expose truths from falsehoods; such approaches
may minimize or discount completely the complex interplay
between beliefs, politics, and science [67]. Being mindful of
this context, our analysis focused on how, where, and by whom
scientific evidence surrounding unproven COVID-19
therapeutics was portrayed in the news stories themselves and
we did not address the veracity of the scientific evidence
presented in the news.

Sampling
We  c h o s e  t o  i nve s t i g a t e  3  u n p r ove n
products—hydroxychloroquine, remdesivir, and CP—based
primarily on their popularity in US news among other factors
that informed our decision. Several antivirals and
immunomodulators were being considered as potential classes
of therapeutics used to treat COVID-19 in the early 2020s [68].
An initial set of news database searches (discussed in the next
section) identified hydroxychloroquine (4023 publications),
remdesivir (2839 publications), azithromycin (416 publications),
and CP (372 publications) as the most popular unproven
products in US news compared to other products being
considered including, lopinavir, interferon beta-1a,
dexamethasone, and heparin or low molecular weight heparin.
For feasibility reasons, we chose to evaluate 3 products and
decided to include CP instead of azithromycin because after
removing news reports discussing each product in conjunction
with hydroxychloroquine, there were 344 articles discussing
CP and only 57 articles discussing azithromycin. Additionally,
the choice to examine hydroxychloroquine, remdesivir, and CP
was supported because these products were being investigated
in registered clinical studies in the United States
(hydroxychloroquine, ClinicalTrials.gov NCT04714515;
remdesivir, ClinicalTrials.gov NCT04257656; and CP,
ClinicalTrials.gov NCT05578391) and permitted to be used to
treat patients with COVID-19 by the US Food and Drug
Administration (FDA; please see the following paragraphs for
details).

News sources were identified using the Factiva database by the
Dow Jones & Company [69]. Factiva is a commonly used
research tool that provides full-text coverage of current and
archival business and news information from traditional (eg,
broadcast and newspaper) media and news available online.
The specific news sources selected for our query were
determined by popularity and coverage and were compiled based
on 3 independent organizations that rank news based on
circulation and internet traffic (see Table S1 in Multimedia
Appendix 1) [70-72]. Having a diverse venue of sources is
important since issues of unproven COVID-19 therapies have
become politicized and studies have shown differing levels of
depth and misinformation between news organizations.

After eliminating duplicate news sources listed by these
organizations, we queried the terms hydroxychloroquine,
Plaquenil, remdesivir, Veklury, and CP in the headline or lead
paragraph of articles published from January 1, 2020, to July
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30, 2020. The search dates were selected to ensure we captured
the portrayal of scientific evidence of early unproven
therapeutics to treat COVID-19 in US news. The start date of
our search was chosen because a pneumonia-causing novel
coronavirus was first announced on January 7, 2020, with the
first confirmed US case on January 20, 2020 [73]. The end date
was chosen based on clinical investigations and decisions made
by the FDA on our 3 therapeutics of interest. Specifically,
several clinical investigations examining the 3 potential
therapeutics of interest were initiated during the first quarter of
2020, and scientific evidence about the safety and efficacy of
the therapeutics was being collected and concluded [68,74,75].
Specifically, large clinical trials of hydroxychloroquine were
initiated, paused, and eventually halted from late May to late
June [74,76-78]. Based on clinical trial results, the FDA revoked
emergency use authorization for hydroxychloroquine on June
15, 2020 [79]. Starting May 28, 2020, participants were being
enrolled for a clinical trial on CP and on April 3, 2020, the FDA
approved an expanded access protocol for Mayo Clinic to lead
an investigation to understand the effects of CP [80]. The FDA
also issued an emergency use authorization for remdesivir on
May 1, 2020 [81]. Finally, the end date for our search was also
chosen for practical reasons as data collection efforts began on
July 31, 2020.

The search yielded 1136 reports including online and print
articles, television transcripts, and videos. Application of
inclusion or exclusion criteria was conducted by SW and TJB
(primary coders). The coders matched the headline and news
source of the web link obtained from Factiva for online media.
Web-based reports with a video were considered 2 independent
reports unless the video was verbatim or substantially similar
to the associated article. Reports that were considered
substantially similar must have had at least 1 area of similarity
on the topic, main theme, concluding points, people quoted, or
style (eg, debate). In instances of substantial similarity, only
the most up-to-date report was included. Reports that were
duplicative, unobtainable, or void of search terms were removed
resulting in 1103 reports. If multiple therapeutics were discussed
in a single report, the codebook was applied to each therapeutic.
We randomly sampled a total of 550 news reports from our
population to manage coder effort while allowing the capture
of codes and themes among news reports. After random
sampling, reports without substantial discussion of the
COVID-19 therapeutic were excluded if they failed to satisfy
codes 7-16 of the codebook (n=72). When a therapeutic was
found only in an image caption, tweets, or graphics within the
report, the report was also excluded (n=29). After applying
exclusion criteria, a final data set of 479 individual discussions
of a therapeutic was found in 449 news reports. See Figure S1
in Multimedia Appendix 1 for a flowchart providing an overview
of the sampling strategy.

Codebook
A comprehensive codebook was developed based on the
literature described. The purpose of the codebook was to ensure
that a consistent analytical framework was adopted by both
coders and to reduce randomness in the interpretation of themes
and codes. Upon developing an initial draft, the codebook was
modified through the iterative analysis of 9 written articles (2

hydroxychloroquine, 2 remdesivir, and 5 CP) from different
news sources with different word lengths. The draft codebook
was then reviewed by a multidisciplinary team of experts in
media analysis, bioethics, and health communication.
Independent review of 50 reports by 2 coders (SW and TJB)
showed good interrater reliability in coding for the full news
report for theme and portrayal of scientific evidence. The median
Cohen κ for these elements was 0.71 (IQR 0.58-0.74) with
simple agreement ranging from 79% to 94%. Interrater reliability
was initially poor when identifying sources of authority, with
a median κ of 0.17 (IQR 0.06-0.23). Definitions were clarified
to address omissions or ambiguities identified during this
intercoder check. For example, evidence was defined as a formal
demonstration of the effect of a treatment on the COVID-19
disease course, which includes symptoms, outcomes, side
effects, or a lack thereof. In the same way, sample size or study
design was added as an example of evidence details and a
statement of small sample size or nonrandomized design was
included in the codebook as an example of evidence limitations.
Codes regarding sources of authority were modified to clarify
that a subject matter expert who spoke on behalf of a
government agency should not be coded as an “expert” but
should be coded as a “government” source of authority. Due to
poor initial reliability, modified definitions for sources of
authority were formally retested by the same 2 coders on a new
sample of 20 articles. Sources of authority showed good
interrater reliability with a median κ of 0.73 (IQR 0.48-0.86)
with simple agreement ranging from 91% to 100%. The general
structure of the codebook captures metadata provided by the
Factiva database (eg, word count and hyperlink), headline
analysis, report analysis, scientific description, sources of
authority, social context, qualitative description of video reports,
and coder notes (see Multimedia Appendix 2 for final codebook
with complete definitions of codes and examples).

Analysis
The full text or video (body of news reports) of all discussions
was analyzed for theme, scientific evidence, claims of safety
or efficacy, and sources of authority. All terms are defined in
the tables. The topical themes of news reports were identified
inductively during iterative analysis of 9 articles as described
above. An inductive approach permits the emergence of themes
from the data and allows coders to remain open and exploratory
[82]. This qualitative method is ideal for identifying themes
when there is no prior knowledge about them [38,83,84]. In
cases where more than 1 theme was reflected in the entire news
report, the coder selected the theme that most closely resembled
the news report. For text-based reports that discussed scientific
evidence, details of evidence, or limitations of evidence, we
also analyzed the presence of these codes within headlines and
lead paragraphs. The lead paragraph was defined as the first
paragraph of text with a minimum of 2 complete sentences
excluding subtitles or alternate headlines just below the large
print title. Coders independently analyzed approximately half
the reports and jointly reviewed challenging reports and a
random 10% of all reports as preplanned audits. Disagreements
were resolved by consensus. Study data were recorded and
managed using REDCap (Research Electronic Data Capture).
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Different traits of reports (eg, discussion of evidence and
discussion of specific side effects) were summarized for each
therapeutic using descriptive statistics. Fisher exact tests were
used to compare differences in trait frequencies. If 3×2 Fisher
tests returned a P value of <.05, pairwise comparisons between
therapeutics (ie, hydroxychloroquine - remdesivir,
hydroxychloroquine-CP, and remdesivir-CP) were performed.
No corrections were made for multiple comparisons. Analyses
were performed in Excel (Microsoft Corp) and R (version 3.5.1;
R Core Team).

Ethical Considerations
This research study did not involve human subjects and was
conducted using publicly available information; thus, ethics
approval was not sought.

Results

The data set included 479 individual discussions of
hydroxychloroquine, remdesivir, and CP or a combination of
any of the 3 unproven therapeutics among 449 news reports.
Among 449 news reports, 191 were print, 172 were online, 52
were television transcripts, and 34 were online videos. Print
news reports describe those accessed nonelectronically via PDF
files from the Factiva database while online news reports and
online videos were accessed by coders digitally via specific
website links. News reports mostly discussed
hydroxychloroquine (67%, n=299) compared to remdesivir
(27%, n=122) and CP (13%, n=58). Safety or efficacy was the
main theme among news on hydroxychloroquine (61%, n=182)
and remdesivir (47%, n=57), whereas news reports discussing
CP focused on the theme of economics, distribution, and
allocation (40%, n=23). Many reports discussing
hydroxychloroquine often surrounded the theme of politics
(20%, n=61; Table 1).

Scientific evidence was discussed in 67% (n=322) of new
discussions and was most common among discussions of
hydroxychloroquine (78%, n=233) followed by remdesivir
(63%, n=77) and CP (21%, n=12). All pairwise comparisons
(P<.05; hydroxychloroquine-remdesivir P=.002;
hydroxychloroquine-CP P<.001; remdesivir-CP P<.001; Table
2). Although scientific evidence was found in many news
reports, specific publications or journals were seldom mentioned
(24%, n=116). Details of scientific evidence and discussions
on the limitations of evidence were found in 61% (n=198) and
26% (n=125) of news, respectively.

Among text-based news reports discussing scientific evidence,
22% (n=51) discussed scientific evidence in the headline and
51% (n=118) in the lead paragraph (Table 3). However, the
details of scientific evidence were rarely found in headlines
(6%, n=9) and seldom present in lead paragraphs (26%, n=39;
P<.001). Among the 99 text-based reports that included
limitations of evidence, discussions on limitations were rarely
found in headlines (2%, n=2) and lead paragraphs (9%, n=9).

Very few discussions portrayed any therapeutic as safe, but 75%
(n=91) of news discussions on remdesivir and 66% (n=38) of
news discussions on CP were portrayed as efficacious. Only
14% (n=41) of news discussions on hydroxychloroquine
portrayed the therapeutic as efficacious, and safety warnings or
specific negative side effects were mainly identified in
discussions on hydroxychloroquine (56%, n=168) compared to
other therapeutics (Table 2). For hydroxychloroquine, most
claims about safety and efficacy were offered by prominent
persons (79%, n=236), almost exclusively by former US
President Trump (97%, n=230). Other examples of prominent
persons included Jair Bolsonaro (former president of Brazil)
and Nancy Pelosi (US politician). In contrast, the government
(35%, n=43) was the most frequently named source of authority
for safety and efficacy claims of news on remdesivir while
experts mostly made claims on CP (38%, n=22; Table 4).

JMIR Infodemiology 2024 | vol. 4 | e51328 | p.324https://infodemiology.jmir.org/2024/1/e51328
(page number not for citation purposes)

Watson et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Thematic analysis of news reports.

CPa, n (%)Remdesivir, n (%)Hydroxychloroquine, n (%)

0 (0)0 (0)0 (0)Novel scientific discovery: a novel result regarding the intervention. Does not
include novel results on safety or efficacy

19 (33)57 (47)182 (61)Safety or efficacy: discussions about ongoing trials, study logistics, and expect-
ed results of the intervention

1 (2)0 (0)16 (5)Issue of scientific integrity: misconduct by individual scientists or scientific
community, including research methods, peer review, and publication or dis-
semination decisions

0 (0)2 (2)18 (6)Misinformation: analysis of the veracity of claims or reports of fact-checking

0 (0)3 (2)61 (20)Politics: reports on political figures’ claims, actions, and behaviors

0 (0)2 (2)0 (0)Hope: feelings of optimism in context of society

0 (0)0 (0)3 (1)Official recommendation: a statement made by a national or international
government agency or governing body

23 (40)50 (41)12 (4)Economics, distribution, and allocation: discussions of cost, quantity, supplies,
or delivery of the intervention

15 (26)6 (5)5 (2)Human interest story: individual narratives and excluding political figures

0 (0)2 (2)2 (1)Other

58 (13)122 (27)299 (67)Totalb

aCP: convalescent plasma.
bThe final data set included 479 individual discussions of therapeutics in 449 news reports.

Table 2. Portrayal of scientific evidence among news report discussions.

Total, n (%)CPa, n (%)Remdesivir, n (%)Hydroxychloroquine, n (%)

322 (67)12 (21)77 (63)233 (78)Scientific evidenceb: a demonstration of an effect on the disease
course or resultant side effects from the intervention.

198 (61)6 (50)40 (52)152 (65)Details of scientific evidencec: specific details about the design
or methodology of evidence.

125 (26)9 (16)12 (10)104 (35)Limitations of evidence: aspects of evidence or a study presented
as shortcomings.

116 (24)3 (5)11 (9)102 (34)Publication or journalb: identifying a specific publication or
journal named.

55 (11)8 (14)6 (5)41 (14)Portrayed as safe: portrayed therapeutic as safe using keywords,
for example, safe or discussing minimal risks or side effects.

170 (35)38 (66)91 (75)41 (14)Portrayed as efficaciousb: portrayed therapeutic as efficacious
by using keywords, for example, effective and helpful.

170 (35)1 (2)1 (0.8)168 (56)Safety warnings or side effectsb: discusses specific health or
safety risks, for example, death.

aCP: convalescent plasma.
bStatistically significant result for 3×2 Fisher exact test; P<.001.
cEvidence details were analyzed only if the report included evidence; n=322.
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Table 3. Scientific evidence, details, and limitations in headline or lead paragraphsa.

Total, n (%)CPb, n (%)Remdesivir, n (%)Hydroxychloroquine, n (%)

51 (22)5 (42)8 (13)42 (24)Scientific evidence in headlinec, n (%)

118 (51)8 (67)26 (43)92 (53)Scientific evidence in lead paragraphc, n (%)

2331261173Total reports with scientific evidence in headline or lead paragraph,
n

9 (6)0 (0)1 (3)8 (7)Details of scientific evidence in headlinec, n (%)

39 (26)1 (25)10 (30)28 (25)Details of scientific evidence in lead paragraphc, n (%)

150433113Total reports with details of scientific evidence in headline or lead
paragraph, n

2 (2)0 (0)0 (0)2 (3)Limitations of evidence in headlinec, n (%)

9 (9)1 (11)3 (25)5 (6)Limitations of evidence in lead paragraphc, n (%)

9991278Total reports with limitations of evidence in headline or lead para-
graph, n

aThe following definitions were used. Scientific evidence: a demonstration of an effect on the disease course or resultant side effects from the intervention.
Details of scientific evidence: specific details about the design or methodology of evidence. Limitations of evidence: aspects of evidence or a study
presented as shortcomings.
bCP: convalescent plasma.
cA single news report was included in the analysis of more than 1 therapeutic when the report discussed multiple therapeutics.

Table 4. Sources of authority among news report discussions.

Total, n (%)CPa, n (%)Remdesivir, n (%)Hydroxychloroquine, n (%)

246 (51)1 (2)9 (7)236 (79)Prominent personb: a nonmedical, nonscientist person such as
celebrities and politicians

40 (8)9 (16)9 (7)22 (7)Institution: an academic institution, medical center, or hospital

199 (41)22 (38)31 (25)146 (49)Expertb: a trained professional such as clinician, scientist, or clin-
ician-researcher speaking independently of an institutional affilia-
tion

235 (49)12 (21)43 (35)180 (60)Governmentb: a federal or state government organization such as
the Centers for Disease Control and Prevention, Food and Drug
Administration and World Health Organization

aCP: convalescent plasma.
bStatistically significant result for 3×2 Fisher exact test; P<.001.

Discussion

Principal Findings
As reports spread of a novel coronavirus causing unprecedented
hospitalizations and mortality, both medical specialists and
everyday persons anxiously scrambled to learn as much and as
fast as possible about prevention and potential treatments. Our
analysis revealed that much coverage of the off-label use of
hydroxychloroquine centered on politics and the safety and
efficacy of the product. The politics theme dominated discourse
surrounding hydroxychloroquine due to its endorsement by
former President Trump as seen in other news media analyses
[58,85]. During the months of March and April 2020, former
President Donald Trump put forth hydroxychloroquine as a
“game changer” after a study suggested efficacy in vitro.
Propagation of statements surrounding the safety and efficacy
of hydroxychloroquine had far-reaching effects, including

increased sales by hospitals and the death of persons who took
a similar product as prophylaxis [86]. While safety or efficacy
discussions were also found in remdesivir and CP, limited
knowledge of its antiviral properties may have played a
significant role in shaping public discourse on the potential
safety and efficacy of the drug. Conversations about CP instead
focused on the human interest theme explicating the need for
plasma donors and inspiring potential COVID-19 survivors to
donate.

The results showed substantial heterogeneity in the sources of
authority asserting claims of safety or efficacy of the COVID-19
therapeutics among the 449 reports. On many occasions,
scientific claims of the safety and efficacy of a therapeutic were
portrayed by prominent persons and were compared to the
evidence discussed by experts. Contrary opinions on evidence
of hydroxychloroquine delivered by politicians and experts may
have inadvertently contributed to a false sense of scientific
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disagreement as news reports most frequently reported on claims
made by a single prominent person but also mentioned the lack
of scientific evidence supporting such claims. Presenting directly
opposing viewpoints as equal when evidence or a scientific
consensus is actually weighted is referred to as a false balance
that can cause public uncertainty [87]. False-balance has been
shown to distort public perceptions of consensus among experts
resulting in people identifying greater disagreement and
controversy than what is actually present [50]. Making such
comparisons is problematic because nonscientific experts may
interpret data toward a political advantage and their influence
could have troubling downstream consequences when
disseminated, for example, physicians prescribing unproven
products and reduced intentions to adopt health behaviors
[88-90]. Though the majority of news reports on
hydroxychloroquine published the safety or efficacy claims
made by prominent persons, very few reports actually portrayed
hydroxychloroquine as efficacious, and safety warnings or
specific side effects were frequently included.

While we found scientific evidence of therapeutics was
portrayed in the body of news reports, mostly on
hydroxychloroquine, limitations of evidence outlining scientific
uncertainty were seldom seen, and rarely found in prominent
locations (headlines and lead paragraphs) of news reports. With
only about 40% of the public delving past headlines or lead
paragraphs when reading articles [3,91], it is unlikely readers
would grasp the scientific uncertainty associated with an
unproven therapeutic. The dissemination of evolving science
without expressing scientific uncertainty and the knowledge
gap created by the iterative scientific process may have
indirectly resulted in public confusion and minimized how large
of a threat individuals believed the virus posed [92,93]. This
confusion and doubt permitted some actors to promote
disinformation surrounding the safety and efficacy of unproven
therapeutics [8,21]. Journalists may be reluctant to express
uncertainty of evidence in their reports out of fear their audience
may react negatively toward such ambiguity [94] or the
journalist may not be equipped to address a study’s findings,
especially its limitations. Scientists on the other hand are
reportedly reluctant to express uncertainty fearing reporters may
lose interest and that the public might misinterpret the science
or doubt scientists [95,96]. However, empirical studies have
shown that neither conveying uncertainty nor presenting
scientific limitations affect a person’s understanding of a topic,
beliefs, or trust in science [97-99]. This data, along with our
findings, suggest that uncertainty should be explained more
frequently in news reports and placed in headlines and lead
paragraphs to adequately support the public’s understanding of
scientific evidence and uncertainty [30,87]. Further research
comparing scientific evidence and expressions of uncertainty
between the body of news reports versus headlines and lead
paragraphs on different scientific topics is needed. Research
examining key factors influencing journalists’and news editors’
decision-making process regarding news headlines and lead
paragraphs is important to inform updated journalistic guidelines
and editorial policies aimed at reducing false balance. Research
collaboration between journalists, scientists, and communication
researchers to identify effective communication strategies and
journalistic practices to ensure accurate and nuanced

representation of scientific information in news reporting would
be valuable.

The accurate reporting of scientific evidence and uncertainty is
the collective responsibility of multiple professionals including
reporters, editors, public health officials, and medical and
scientific experts. While evidence from experts may be based
on scientific facts, expert correspondents should make clear
scientific uncertainty, avoid hyperbolic statements, and explain
how the state of knowledge may change [22]. Medical doctors
and scientists should not express unjustified certainty when
forecasting the safety and efficacy of unproven therapeutics
[100]. Despite the lack of consensus, reporters should offer
greater context or altogether avoid framing unsubstantiated
claims by prominent people alongside evidence-based claims
from experts as it may provide a false impression of genuine
scientific uncertainty. Editors should refrain from
sensationalizing headlines or framing lead paragraphs that do
not reflect evidence or study limitations. Instead, journalists
and experts alike should focus on the accurate portrayal of the
scientific studies presented in the report and aim to provide an
accurate reflection of the safety and efficacy of unproven
products to help the public understand why there is incomplete
evidence and a lack of definitive recommendations. Prioritizing
the accurate portrayal of science may help to rebuild public trust
in experts, minimize risky behaviors, and ensure compliance
with public health recommendations.

Limitations
Our study has several limitations worth mentioning. First, the
analysis included only news sources within the United States,
all of which were written in English and thus may not cater to
news outside of the country and written in different languages.
Second, the analysis focused on traditional, mainstream news
sources and we excluded social media. Although much
COVID-19 information and misinformation were disseminated
through social media contributing to an infodemic, traditional
news remains the major form of information transfer, especially
among older Americans, which is why we focused on evaluating
traditional news sources [101]. Third, we chose to analyze
approximately half the news reports in our population and the
sample may not be representative of the entire news discourse
within the full data set. Fourth, the data collection and analysis
was restricted to the 3 most popular unproven COVID-19
therapeutics and other therapeutics during that period may be
portrayed differently in US news. Finally, the results were not
stratified based on different political leaning of news sources
included in our analysis, which could affect how scientific
evidence and uncertainty were portrayed in our data set.

Conclusions
News media plays a significant role in informing the public by
serving as a crucial link between public health authorities
interpreting scientific evidence and determining its implications
and the public. Rapid publication of peer-reviewed and
nonreviewed science allowed the media to bring breaking news
about discoveries of COVID-19 therapeutics to the public and
convey public health recommendations [18]. Prioritizing the
accurate portrayal of science can help shape the impact of a
public health emergency by influencing public perceptions and
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activities such as minimizing risky behaviors and encouraging
compliance with public health recommendations. Publicizing
that the news media source is likely to share frequent updates
from scientific findings and communicating information as the
best-known information at the time may help build public trust
in scientific experts and decrease feelings of doubt and anxiety.

The accurate reporting of scientific evidence and uncertainty is
the collective responsibility of journalists and science
communicators. Public trust in science can be strengthened by
acknowledging evidentiary limitations, avoiding a false sense
of disagreement, and portraying science as an iterative,
self-corrective process that generates reliable knowledge.
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Abstract

Background: Manually analyzing public health–related content from social media provides valuable insights into the beliefs,
attitudes, and behaviors of individuals, shedding light on trends and patterns that can inform public understanding, policy decisions,
targeted interventions, and communication strategies. Unfortunately, the time and effort needed from well-trained human subject
matter experts makes extensive manual social media listening unfeasible. Generative large language models (LLMs) can potentially
summarize and interpret large amounts of text, but it is unclear to what extent LLMs can glean subtle health-related meanings in
large sets of social media posts and reasonably report health-related themes.

Objective: We aimed to assess the feasibility of using LLMs for topic model selection or inductive thematic analysis of large
contents of social media posts by attempting to answer the following question: Can LLMs conduct topic model selection and
inductive thematic analysis as effectively as humans did in a prior manual study, or at least reasonably, as judged by subject
matter experts?

Methods: We asked the same research question and used the same set of social media content for both the LLM selection of
relevant topics and the LLM analysis of themes as was conducted manually in a published study about vaccine rhetoric. We used
the results from that study as background for this LLM experiment by comparing the results from the prior manual human analyses
with the analyses from 3 LLMs: GPT4-32K, Claude-instant-100K, and Claude-2-100K. We also assessed if multiple LLMs had
equivalent ability and assessed the consistency of repeated analysis from each LLM.

Results: The LLMs generally gave high rankings to the topics chosen previously by humans as most relevant. We reject a null
hypothesis (P<.001, overall comparison) and conclude that these LLMs are more likely to include the human-rated top 5 content
areas in their top rankings than would occur by chance. Regarding theme identification, LLMs identified several themes similar
to those identified by humans, with very low hallucination rates. Variability occurred between LLMs and between test runs of
an individual LLM. Despite not consistently matching the human-generated themes, subject matter experts found themes generated
by the LLMs were still reasonable and relevant.

JMIR Infodemiology 2024 | vol. 4 | e59641 | p.333https://infodemiology.jmir.org/2024/1/e59641
(page number not for citation purposes)

Deiner et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

mailto:travis.porco@ucsf.edu
http://www.w3.org/Style/XSL
http://www.renderx.com/


Conclusions: LLMs can effectively and efficiently process large social media–based health-related data sets. LLMs can extract
themes from such data that human subject matter experts deem reasonable. However, we were unable to show that the LLMs we
tested can replicate the depth of analysis from human subject matter experts by consistently extracting the same themes from the
same data. There is vast potential, once better validated, for automated LLM-based real-time social listening for common and
rare health conditions, informing public health understanding of the public’s interests and concerns and determining the public’s
ideas to address them.

(JMIR Infodemiology 2024;4:e59641)   doi:10.2196/59641

KEYWORDS

generative large language model; generative pretrained transformer; GPT; Claude; Twitter; X formerly known as Twitter; social
media; inductive content analysis; COVID-19; vaccine hesitancy; infodemiology

Introduction

Public Health Insights From Social Media
Social media platforms can shed light on public health trends
and patterns to inform targeted interventions and communication
strategies [1]. The potential to leverage social media to better
understand public sentiment about vaccines, which play a crucial
role in preventing the spread of infectious diseases, saving lives,
and ultimately promoting public health and well-being within
society, has been well researched [2-7]. However, assessing
unstructured user-generated content on social media can be time
consuming [8], limiting the ability to harness the full potential
of this approach to understand and improve public health. This
has previously led researchers to use foundational methods,
such as natural language processing (NLP), supervised machine
learning, and other approaches to help interpret data [7,9,10].
For example, topic modeling or classification of posts can be
used as an initial step before subsequent manual analyses, but
even those methods can be inaccurate and time consuming,
perhaps even more so for analysis of a larger corpus of text
[8,11-16].

Potential Public Health Role for Large Language
Models
Recently, it has come to light that “few-shot” or “zero-shot”
learners, such as generative large language models (LLMs),
may have advantages for overcoming some of these limitations,
including for extracting inference or reasoning from large
corpora of text including health-related content, but with
potential inherent bias and other concerns [17-22]. LLMs such
as GPT4 (OpenAI Inc) that are based on a transformer
architecture are neural networks trained on very large corpora
of natural text [23,24].

Traditional Social Media Analysis Challenges
Although manual inductive thematic analyses [9] and other
similar manual approaches used in the literature are valuable
for assessing unstructured and unlabeled social media content
and depict themes of public interest, they demand an extensive
burden of human time and effort for detailed content analysis
by well-trained human subject matter experts. This makes it
unfeasible to conduct large-scale, nearer real-time studies of
social media listening to routinely inform public understanding
and policy decisions, despite the time-sensitive nature and
impact on public health of online discourses that constantly
evolve during health emergencies [25,26]. Although it has been

suggested LLMs have the potential for not only summarizing
but also interpreting large amounts of text [18-20], it is not clear
to what extent LLMs can analyze text to glean subtleties of
health-related meaning and convey the resulting themes in a
clear and detailed fashion. In the past, early LLMs had restricted
context volume windows, making it difficult to conduct such
analyses of large documents or corpora [27]. However, several
newer LLMs have become available with an increased context
window to allow analysis of larger documents and corpora,
initially including GPT4 and Claude 2 (Anthropic PBC) [28,29].

The application of LLMs to public health social listening
approaches may have the potential to help expedite the processes
of social media thematic analyses and make it more efficient
than tasking human subject matter experts [30-32]. However,
different LLMs can exhibit different biases or capabilities
[33-35], including hallucinations (false information resulting
from the token-prediction algorithm) that have not been
appropriately evaluated [36]. Specifically, there have not been
abundant studies validating the use of LLMs for thematic
analysis of large corpora of health-related social media content.
It is foreseeable that public health and health care stakeholders
are or will begin to more rapidly adopt LLMs to generate
automated reports using large unstructured social media or
similar health data sets [16,17,30]. Before assuming LLMs can
achieve the equivalent of humans in the context of thematic
identification or in-depth content coding, it is important to
compare results from LLMs to those from human qualitative
analysis on specific topics of public health importance, such as
vaccine rhetoric [37,38]. The development of topic models is
often misaligned with the needs of users who analyze social
media data [39]. Evidence suggests that researchers frequently
use topic models suboptimally because of a lack of adequate
methodological support for building and interpreting topics
[39]. This gap in support leaves researchers struggling to fully
leverage topic models in their analyses [39].

Study Purpose and Goals
In this comparative study, we evaluate the feasibility of using
LLMs for topic model selection or inductive thematic analysis
of health-related social media posts on vaccine rhetoric discourse
[34,35]. We compare the output of 3 different LLMs to conduct
the same analysis that members of our group had previously
conducted in which they had used a combination of data mining,
topic modeling, and manual content analysis in a prior published
study examining vaccine rhetoric on Twitter. Here, we used the
same corpus of social media content and guidelines for the LLM
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analysis as was conducted during human annotation in the prior
study, and then we conducted a comparative analysis [9]. Using
the results from that prior study as background, in this current
LLM study, we asked the following question: Can LLMs
conduct topic model selection and inductive analysis in a manner
comparable to human performance, or at least reasonably as
judged by subject matter experts? We also asked if all selected
LLMs are equivalent in their ability, as well as how reliable is
one LLM to conduct repeated analyses. We hypothesized that
LLMs would select the same set of topics as had previously
been chosen by humans following topic modeling output by an
unsupervised NLP model [9], that LLMs would induce a similar
set of themes as humans had [9], that there would be variability
in the ability of different LLMs, and that an LLM should provide
similar responses with low variability when prompts are
repeated. The overall purpose and goal of this study were to (1)
task an LLM with the same set of data and tasks that humans
were given (manual annotation of Twitter posts) and determine
how similar or different the LLMs’ results were compared to
what humans’ results were and (2) leverage the relatively new,
emerging larger context window LLMs for this purpose (ie,
LLMs that could finally allow us to provide all posts in a single
prompt for the LLMs).

Methods

Comparing Methods for Selecting the Top 5 Most
Relevant Topics That Resulted From an Unsupervised
NLP Model

A Brief Review of Methods From the Original Published
Study: Human Selection of Top 5 Most Relevant Topics
From an Unsupervised NLP Model
For comparison to this study’s approach using LLMs, we first
describe how the top 5 relevant topics were manually selected
in our prior published analysis using the unsupervised topic
model bi-term topic model (BTM) [9]. In the prior study [9],
we collected data from Twitter’s (subsequently rebranded X)
public streaming application programming interface from March
2020 to October 2020 (a critical time for the formation of both
pro- and antivaccination opinions, as the topic of vaccine
development was extensively debated and discussed during that
period) and filtered it for COVID-19 pandemic–specific
keywords (“coronavirus,” “covid,” “pandemic,” etc). Of the
resulting 3,999,726 Twitter posts, we then removed duplicate
tweets (with the same Tweet ID), resulting in 118,971 messages.
Next, we applied a second text filter to isolate antivaxx-specific
messages. We then used the BTM to organize our data into 20
different clusters based on the hyperparameters set by the
research team for the topic model as reported elsewhere,
following which we manually screened the top 10 tweets that
were most highly correlated to the 20 topic clusters [9]. Finally,
using this set of top 10 tweets from 20 clusters, we identified
the 5 BTM topics most relevant to our research question by
manually identifying the 5 clusters that most closely included
messages calling out or making claims about public figures that

opposed vaccination or that called out groups of people, such
as scientists or political parties. We chose to focus our analysis
on public figures as they are highly influential in our society,
especially on social media. We aimed to assess how their online
presence and discourse affect public attitudes and sentiments
toward health recommendations and policies. By focusing on
public figures, we sought to understand the role they play in
shaping public opinion and the potential impact of their
statements on the dissemination of antivaccine messages (public
figure names have been deidentified, and we have replaced them
with generalized names in square brackets). The topics included
[tennis pro]’s antivaccination stance; [public figure 1] and
[philanthropist]’s relation to antivaccination beliefs; [politician
1]’s potential antivaccination stance; [politician 2] and Amy
Duncan (of note: Amy Duncan is a fictional character played
by actress [actress 1]); and political party potential
antivaccination views. Although each topic comprised several
tweets, our analysis focused solely on comparing the top 10
most relevant tweets from each cluster, enabling us to efficiently
identify the 5 clusters and corresponding themes most pertinent
to our research question [9]. Of note, the set of top 10 most
correlated tweets from 20 clusters is the same set of posts that
we then used in this study for LLM-based top 5 most relevant
BTM topic selection, described in the following section.

LLM-Based Top 5 Most Relevant BTM Topic Selection
For this study, we sought to replicate the aforementioned manual
BTM topic selection process of identifying the 5 clusters (that
most closely included messages calling out or making claims
about public figures as antivaxxers or that called out groups of
people such as scientists or political parties). However, here,
we used LLMs for this process in place of the previous, more
manual approach. To do this, we first prepared the same set of
posts (the original set of the top 10 tweets that were most highly
correlated to the 20 topic clusters from the original manual
study) for use with LLMs by labeling each post with an original
BTM topic group ID of 1 to 20. This was to allow the LLM to
know which BTM topic group each post was part of. We then
asked the LLMs to rank the BTM groups from 1 to 20 in the
order of relevance as related to the guidelines used by subject
matter experts when they had manually selected the 5 most
relevant topics in the prior publication. We then compared how
well the top 5 (out of 20) topics ranked by LLMs compared
with the 5 out of 20 topics previously chosen manually.
Additional details were as follows: The LLMs and platforms
we used were GPT4-32K, Claude-instant-100K, and
Claude-2-100K, accessing them via the Poe [40] (Mountain
View) platform. To use the Poe interface, we manually pasted
in prompt texts and copied out the results; we refer to each of
these events as “test runs” in the manuscript. For data, the
original corpus of posts contained 193 posts, labeled with one
of 20 original BTM topic numbers. This list of topic numbers
and post content was included in the prompt shown in Figure
1A. The content ranking prompt we used for all 3 LLMs varied
slightly between LLMs, but it was as shown in Figure 1A (this
example was used for GPT4).
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Figure 1. Large language model (LLM) prompts used. (A) The content ranking prompt we used for all 3 LLMs varied slightly between LLMs but was
as shown (this example was used for GPT4). (B) The content analysis prompt we used for all 3 LLMs varied slightly between LLMs but was as shown
in figure (eg, GPT4).

Statistical Assessment of the Top 5 Topics Ranked by
LLMs
We tested the null hypothesis that the LLM’s top 5 BTM topic
rankings out of 20 in this study would be independent of the
top 5 BTM topics chosen in the previous study by the human
raters. We modeled LLM choice under this null hypothesis as
random sampling without replacement (ie, the number of topics
chosen by the model that had been chosen by the human was
assumed given by the hypergeometric distribution under the
null hypothesis). We chose this approach because, under the
assumption that the LLM picked choices randomly and
independently of the human choices, the number of agreements
with the human choices is given by the hypergeometric
distribution. If the LLM agreed with the human more often than
the hypergeometric would lead us to expect, we conclude the
LLM is more likely to pick the human choices than chance alone
would indicate. For each LLM, we first determined the number,
N, of the human-chosen top 5 BTM topics that the LLM ranked
as its top 5 topics (necessarily, N is in the range of 0-5). We
then computed the probability using the hypergeometric
distribution. Using the number of matches as a test statistic, the
probability that the LLM would have picked as many or more
of the human choices as we observed therefore provides a
probability value as a way to assess that the LLM choices were

unrelated to the human choices. In this way, the more of the
original 5 BTM topics chosen by humans that were also ranked
in the top 5 by LLMs, the lower the probability that the result
was by chance alone. Therefore, a small probability value
indicates that LLMs made topic choices similar to those of
humans.

Comparison of Inductive Thematic Analysis by
Humans Versus by LLMs

Methods of Original Study, Human Inductive Thematic
Analysis to Identify and Define 5 Themes
In comparison to this study’s approach using LLMs to
automatically identify key themes based on the content of the
posts, we first briefly describe how the top 5 themes were
manually identified, selected, and defined in our initial published
manual analysis [9]. In the previous paper, the human team used
grounded theory, allowing for themes to emerge while coding
rather than prespecifying the content of interest. After the first
round of manual review, we inductively developed a codebook
for the qualitative content analysis and categorization of Twitter
posts. We then reapplied our codebook to the 768 Twitter
messages in our sample while iteratively continuing to develop
existing codes and definitions as well as new codes. Ultimately,
from about 7 themes that we considered met our criteria (to
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identify the top clinical, social, epidemiological, or otherwise
relevant themes), we selected 5 of them to narrow the focus and
describe them in the manuscript:

• Theme A: Neutral—absence of expression of a clear
judgment even if the message is related to the topic

• Theme B: Insults a person because they are an antivaxxer
or says something derogatory to someone because they are
or have been accused of being an antivaxxer

• Theme C: Negative public health impact—states or implies
that antivaxxers and antivaccine behaviors have a negative
impact on public health

• Theme D: Antivax accusation—accuses or asserts a specific
person or groups of people are antivaxxers

• Theme E: Defending antivax stance—defends or upholds
an antivax position.

These findings were important as they suggested a reciprocal
influence between public health recommendations and attitudes
toward public figures, challenging the previously described
notion of a 1-way, outsized influence of celebrities on
vaccination attitudes. This nuanced understanding of vaccine
sentiment and its interplay with public figures challenged
conventional narratives about the influence of celebrities on
vaccination attitudes. It also highlighted the complex
relationship between public health recommendations, societal
perceptions of authority figures, and individual beliefs,
underscoring the need for tailored interventions and messaging
strategies. This social listening study provided insights into the
dynamics of vaccine discourse on Twitter and informed on
potential strategies for public health officials and policy makers
to craft more effective communication strategies to promote
vaccine acceptance and uptake. However, this manual human
inductive thematic analysis process in our prior study took many
days and hours of effort for all team members. Therefore, in
this study, we sought to leverage LLMs to try to conduct the
same analysis and assess the outcome (described in the
subsequent section). Of note, the set of 768 Twitter messages
in the published human assessment study is the same set of posts
that we then used in this study for LLM inductive analysis to
identify and define 5 themes with titles, definitions, and
representative posts.

LLM Inductive Analysis to Identify and Define 5 Themes
With Titles, Definitions, and Representative Posts
In this study, we have used the aforementioned original set of
768 Twitter messages from the published inductive thematic
analysis manual study to include them in our LLM content
analysis prompt shown below to prompt the LLM to deduce
themes (a very similar prompt was used for all 3 LLMs). Using
the prompt submission as shown in Figure 1B, results were
obtained twice (ie, test runs 1 and 2) each for GPT4-32K,
Claude-instant-100K, and Claude-2-100K. Each test run was
independent of any other run. Completing these tasks took
approximately 45 minutes of one researcher’s effort. The content
analysis prompt we used for all 3 LLMs varied slightly between
LLMs but was as shown in Figure 1B (this example was used
for GPT4).

Assessing Hallucination (Generation of Phantom Posts)
in Responses Given by LLMs
Before assessing the themes identified by the LLMs, we first
reviewed the “example posts” provided in the LLM responses
to assess how many of the social media post examples provided
in the LLM responses were actually a part of the original 768
posts we had provided compared to how many post examples
provided by the LLMs were “phantom posts” fabricated via
hallucination by the LLMs and not in the original set of 768
posts we had provided the LLM. We assessed the accuracy of
these example posts to determine if the LLMs generated
phantom posts, ensuring that they identified themes accurately
without altering the original post content. For each example
post provided in each LLM response, we assessed its similarity
to the original post from the prompt that had been presented to
the LLM and classified it as an identical example post (a
verbatim copy of a post from the original LLM prompt),
near-identical example post (very similar to an original post in
the LLM prompt but not completely identical such as a missing
period or added number) or a phantom example post (the LLM
provided us an example of an original post that was not
obviously similar to any original post in the LLM prompt). We
then summarized the results for each of these 3 categories
overall and tabulated the totals by LLM platform and test run.

Assessing Themes in the Responses Given by LLMs
To assess the themes identified by the LLMs, 2 subject matter
experts, who were the authors and manual annotators of the
original manuscript, reviewed the themes identified by each
LLM test-run output response. For each response, we identified
(1) how many of the 5 themes provided matched the original
manuscript themes, (2) which themes matched, and (3) how
reasonable on a scale of 1to 3 was each derived theme,
regardless of whether it matched the original manuscript theme.
We evaluated the match between the original themes and the
LLM-derived themes by assessing for relevance, accuracy, and
fidelity to the original themes. We then reported the individual
and total matches per LLM test run. For assessing
reasonableness, each LLM-derived theme was scored by our
subject matter expert team members from 1 to 3 where “1”
meant not reasonable (the LLM theme matched poorly with
little relevance to the original manuscript); “2” meant reasonable
(the LLM theme matched moderately well, with some relevance
to the original manuscript); and “3” meant very reasonable (the
theme matched closely and accurately with high relevance to
the original manuscript). We then averaged the scores of the 2
authors to assign a reasonableness score.

Comparison of Inductive Thematic Analysis by
Humans Versus Pseudoinductive Thematic Analysis
Outputs From the Topic Models Latent Dirichlet
Allocation and BERTopic
Finally, for comparison to the ability and utility of using LLMs
for assessing themes, we also compared that to using 2 topic
models to produce outputs from the 768 posts and assessing
those outputs as we did for LLMs (did they match the original
human themes and how reasonable are they), as well as an
additional assessment to compare how clear the meaning of the
outputs of the topic models was for humans compared to how
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clear in general the meaning of the outputs of the LLMs was
for humans.

Topic Modeling and Producing Word Frequency Topic
Grids for Human Assessment
Using the same set of original 768 posts we had provided, we
used 2 topic modeling frameworks, latent Dirichlet allocation
(LDA) and BERTopic, to develop topics that we then visualized
for humans to assess.

LDA is a topic modeling technique to extract topics from a
given set of texts; it converts the text into a bag of words and
categorizes them into k different clusters based on their
similarity. It then outputs the correlation score between each
text and the cluster, with the correlation score between each
word and cluster; the text or word that has a higher correlation
score is more likely to contain topics related to the rest of the
corpus. In our assessment, first, we extracted 5 topics from the
data set, and for each, we output the top 20 keywords that have
the highest correlation score to represent the topic for each
cluster, and then output a list of text sorted based on the
correlation score from each topic, for human assessment.

BERTopic is a topic modeling technique that leverages
transformers and class-based term frequency–inverse document
frequency to create dense clusters, allowing for easily
interpretable topics while keeping important words in the topic
descriptions [41]. Instead of converting each text into a bag of
words, it uses a pretrained deep learning model and embeds
each text into a text vector and then categorizes them using a
clustering model. In our assessment, we used KMeans as our
clustering model to avoid the output of outliers, set the minimum
size of each cluster to 10, and then extracted 5 topics. For each
topic, we then output the top 20 keywords with the highest
correlation score from each cluster to represent the topic.
However, because KMeans directly assigns each text to different
topics, we were unable to obtain the text correlation score for
BERTopic.

For visualization of the results from both LDA and BERTopic,
we created topic grids. To create the topic grid for each topic,
the top 20 keywords were included in cells within the grid. The
background colors ranged from dark to light and font size ranged
from largest to smallest, reflecting the correlation between each
keyword and the topic, from the most to least relevant,
respectively.

Developing and Assessing the Pseudothemes in the
Outputs Provided by Topic Model Outputs
For LDA and BERTopic, a PDF file was produced with the
topic grid and a list of word frequencies for each topic. These
10 topic model output pdf pages (1 per topic and 5 topics per
topic model) were provided to one of the team members who
had also assessed the output of the LLMs versus the original
human themes. Unlike the LLM outputs, the topic models
provide no theme title, no description of a theme, and no reasons
for why any example posts support that theme, making it
difficult to compare the topic model results to the themes of the
original manuscript. Therefore, to assess the utility of using
these topic model outputs for thematic induction, our team’s
subject matter experts reviewed the 5 topic outputs from LDA

and BERTopic and then manually developed a pseudotheme
for each topic. For each, they reviewed the topic grid and list
of word frequencies and then they manually developed a title
for each topic, which we will refer to in this manuscript as the
topic’s “pseudotheme.” Assessment of pseudotheme outputs
was then conducted similar to the assessment of LLM outputs:
for each topic model output (LDA and BERTopic), we identified
(1) how many of the 5 topic pseudothemes matched the original
manuscript themes; (2) which original manual theme they
matched; and (3) how reasonable on a scale of 1 to 3 was each
derived topic pseudotheme, despite whether it matched the
original manuscript themes. We then reported the individual
and total matches per topic model output.

As the topic model output grid was much less of a clear,
comprehensive narrative than the output of the LLMs, for
scoring matches to original themes, for assessing reasonableness,
each topic pseudotheme was assigned a “reasonableness score”
by our subject matter expert team members. Scores ranged from
1 to 3, where “1” meant not reasonable (the topic pseudotheme
matched poorly with little relevance to the original manuscript);
“2” meant reasonable (the topic pseudotheme matched
moderately well, with some relevance to the original
manuscript); and “3” meant very reasonable (the topic
pseudotheme matched closely and accurately with high
relevance to the theme of the original manuscript). This scoring
process was repeated while masked to the first scoring round
results. We then averaged the scores of the 2 rounds to assign
a reasonableness score to each topic model’s pseudotheme.

Finally, as we noted potentially more difficulty for humans to
interpret the topic model grid outputs compared to interpreting
LLM outputs, we assigned a “clearness score” comparing our
ability to understand the topic model output pseudotheme to
how easily and quickly we confidently understand the meaning
and theme of the typical LLMs theme outputs. We assigned a
clearness score from 1 to 3 as “1” (this topic model result is
much harder for me to easily, quickly, and confidently
understand the meaning and theme of compared to the LLM
outputs); “2” (this topic model result is about the same for me
to easily, quickly, and confidently understand the meaning and
theme of compared to the LLM outputs); and “3” (this topic
model result is much easier for me to easily, quickly, and
confidently understand the meaning and theme of compared to
LLM outputs). This clearness scoring process was repeated
while masked to the first scoring round results. We then
averaged the scores of the 2 rounds to assign a clearness score
for each topic model’s pseudotheme.

Ethical Considerations
As this study used deidentified, publicly available social media
data, the Institutional Review Board of University of California,
San Francisco, classified our proposal as exempt from review
(IRB 13-12815).
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Results

Selecting the Top 5 Most Relevant Topics That
Resulted From an Unsupervised NLP Model

Brief Review of Results From the Original Published

Study: Human Selection of Top 5 Most Relevant Topics
From an Unsupervised NLP Model
The 5 topics chosen by humans as the 5 most relevant topics in
the published original manual analysis [9] are described in the
methods and shown in Table 1 in the headers for columns 2 to
6.

Table 1. Relevance ranking (out of 20 BTMa topic groups) by LLMsb.

Hypergeometric

probabilityd
BTM topicLLMsc

Amy Duncan (actress:
[actress 1]), [politician

2]e

Political party
potential anti-

vax viewse

[Politician 1] po-
tential antivaxxer

stancee

[Public figure 1] or
[philanthropist] relation

to antivax beliefse

[Tennis pro]
antivaxxer

stancee

GPT4

.07196321First test runf

.071610321Second test runf

.05195321Third test runf

Claude 1

.07124561First test run

.071811451Second test runf

.3716102191Third test runf

Claude 2

.371741281First test run

.071811451Second test runf

.3716102191Third test runf

aBTM: bi-term topic model.
bLLM: large language model.
cLLM platform and test run number.
dLooking at the top 5 topics selected by the LLM test run in that row, this column shows the probability that by chance alone, we would have seen as
many or more matches of the LLM-chosen top 5 with the 5 chosen by humans, compared with what we actually observed. The hypergeometric probability
shows the probability that the LLM would agree with as many or more of the human choices by chance alone.
eTop 5 most relevant topics (out of 20 BTM topic groups) assigned by human raters in the original manuscript.
fRows: Each row contains the results of an LLM test run to assess the corpus of 193 posts, each of which was labeled in the original manuscript BTM
methods as being from one of the 20 BTM topics. For each row: each cell shows the ranking (1 most relevant; 20 least relevant) assigned by the LLM
for the original topic in the header of that cell’s column (ie, for the original manuscript’s topic shown in the header of that cell’s column).

LLM-Based Top 5 Most Relevant BTM Topic Selection
We obtained results from each LLM using 3 test runs per LLM.
Completing these tasks took approximately 1 hour of researcher
effort. Each LLM was able to assign rank orders to the 20 topics.
In Table 1 for each LLM analysis (each LLM row), columns 2
to 6 show the relevance ranking (1 being most relevant and 20
being least relevant) assigned by the LLM for each of the 5
original topics chosen by humans in the original manuscript.
Overall, the results suggest LLMs make many of the same 5
topic choices as humans did; GPT was the most successful,
followed by Claude 1.

Statistical Assessment of the Top 5 Topics Ranked by
LLMs
Table 1 shows the names of the top 5 most relevant topics that
were chosen manually in the original manuscript [9] and the
rankings (out of 20) assigned by the LLM for each of those 5
original topics. When comparing how many of the LLM’s top
5 ranked topics were the same 5 topics from the manuscript,
different LLMs yielded different results. GPT-4’s top 5 ranked
topics in test runs included 3 or 4 of the 5 topics from the
original manuscript, with a mean of 3.3 (SD 0.58) over 3 runs.
Claude 1’s top 5 ranked topics in test runs included 2 or 3 of
the 5 from the manuscript with a mean of 2.7 (SD 0.58), whereas
Claude 2’s top 5 ranked topics in test runs included between 2
and 3 of the 5 from the manuscript with a mean of 2.3 (SD 0.58).
When broadening to include the LLM’s top 10 ranked (rather
than just the top 5 ranked) topics for comparison to the 5 topics
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from the manuscript, the 3 GPT’s top 10 ranked topics in test
runs included 4 of the 5 topics from the manuscript with a mean
of 4.0 (SD 0.0), the Claude 1’s top 10 ranked topics in test runs
included 3 or 4 of the 5 from the manuscript with a mean of
3.67 (SD 0.58), and finally the Claude 2’s top 10 ranked topics
in test runs included 2 or 3 of the 5 from the manuscript with a
mean of 3.0 (SD 0.0).

The overall result for each of the 9 LLM test runs conducted
(each row) is in Table 1, hypergeometric probability column.
Values shown represent the probability that by chance alone,
we would have seen as many or more matches of the
LLM-chosen top 5 with the 5 chosen by humans, compared to
what we actually observed in that test run. A low probability is
evidence that the LLM’s choices agree with those chosen by
humans more than expected by chance alone. Combining all 9
test run results, testing the hypothesis that all LLMs were
independent of each other and the humans, we rejected this null
hypothesis (P<.001, overall comparison; Monte Carlo:
N=16,384), and conclude that the LLMs are more likely to

include the top human 5 groups in their top rankings than would
occur by chance.

Comparison of Inductive Thematic Analysis by
Humans Versus LLMs

Brief Results of Original Published Study: Human
Inductive Thematic Analysis to Identify and Define 5
Themes
The 5 themes identified and defined by humans in the published
original manual analysis [9] are described in the Methods
section.

LLM Inductive Analysis to Identify and Define 5 Themes
With Titles, Definitions, and Representative Posts
In general, all LLMs were provided responses that were
outputted in the requested format. An example of output for
GPT-4 32k is shown below in Textbox 1, and additional
examples for Claude are shown in Textboxes S1 and S2 in
Multimedia Appendix 1.
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Textbox 1. Example of GPT-4 32 K inductive thematic analysis. The prompt asked the large language models (LLM) to read 768 posts and define
themes, including a title, description, and post examples. GPT4 test run 1 output is shown.

Theme 1

1. Title: Public Perception and Discussion of Celebrities as Anti-Vaxxers

2. Definition: this theme captures discussions around public figures, notably celebrities, such as athletes and actors, being perceived as antivaxxers.
The public’s reaction to these figures espousing antivaccination views can influence societal attitudes toward vaccination, potentially impacting
public health initiatives and vaccination rates. In addition, this theme showcases the role of social media in rapidly disseminating and amplifying
these views.

3. Examples: “Post 6: [tennis pro] is an anti-vaxxer cool cool cool.” This post highlights a casual reaction to the news about a celebrity being an
antivaxxer, indicating how such information can be normalized within social networks. “Post 80: Wow. I had no idea that [tennis pro] is an
anti-vaxxer.” This post exemplifies the surprise or shock that can occur upon learning a well-known figure holds antivaccination beliefs. This
can prompt further discussion and sharing of the information.

Theme 2

1. Title: Expressions of Disappointment and Betrayal Toward Anti-Vaxxer Celebrities

2. Definition: this theme involves posts expressing disappointment, surprise, or a sense of betrayal upon learning that admired public figures are
antivaxxers. This reaction can reflect the personal connection fans feel to celebrities and the influence those public figures can have on their fans’
beliefs and behaviors.

3.
Examples: “Post 77: Oh [tennis pro]! I was such a fan #antiantivacc Coronavirus: [tennis pro] reveals he’s an anti-vaxxer and it may stop his
return to tennis | World News | Sky News.” This post exemplifies the disappointment fans can feel when they learn a celebrity they admire holds
views they disagree with. Post 97: [tennis pro] being an anti-vaxxer... i guess i have to stan [tennis pro 2] now.” This post shows the potential
for such revelations to shift fan allegiances and influence public opinion about celebrities.

Theme 3

1. Title: Concerns About the Impact of Celebrity Anti-Vaxxers on Public Health

2. Definition: this theme involves posts expressing concern about the potential public health impacts of celebrities espousing antivaccination views.
These posts reflect an understanding of the influence celebrities can have on public opinion and behavior and the potential consequences for
vaccination rates and public health.

3. Examples: “Post (18) In other news [tennis pro] is an anti-vaxxer on top of being an opponent of equal prize money for women tennis players.
Puts me more firmly in [tennis pro 2] corner.” This post connects the antivaccination stance with other controversial views, suggesting a broader
concern about the influence of such public figures. “Post (97) [tennis pro] being an anti-vaxxer... i guess i have to stan [tennis pro 2] now.” This
post highlights the potential for celebrity antivaxxer views to influence public opinion and behavior, including decisions about vaccination.

Theme 4

1. Title: Expression of Negative Sentiments Toward Anti-Vaxxer Celebrities

2. Definition: this theme involves posts expressing strong negative sentiments toward celebrities who are antivaxxers. These posts often include
harsh language and criticism, reflecting strong feelings of opposition toward the antivaccination stance.

3. Examples: “Post 17: He’s an anti-vaxxer? Fuck [tennis pro].” This post reflects strong negative sentiments toward the celebrity, highlighting the
emotional intensity that discussions around vaccination can provoke. “Post 101: idiot. [tennis pro] reveals he’s an anti-vaxxer and it may stop
his return to tennis.” This post uses derogatory language to express disapproval of the celebrity’s antivaccination stance, reflecting strong opposition
to such views.

Theme 5

1. Title: Potential Consequences of Anti-Vaxxer Beliefs for Celebrities’ Careers

2. Definition: this theme involves posts discussing the potential impact of antivaccination beliefs on celebrities’ professional careers. This includes
speculation about the potential loss of opportunities or negative impacts on their public image.

3. Examples: “Post (19) #[tennis pro] is #antivax [tennis pro]’s opposition to vaccination may stop his return to tennis.” This post reflects concerns
that antivaxxer beliefs could have practical consequences for the celebrity’s career, in this case, potentially preventing a return to professional
tennis. “Post (66) Coronavirus: [tennis pro] reveals he’s an anti-vaxxer and it may stop his return to tennis. Twat.” This post combines negative
sentiment toward the celebrity with speculation about potential career impacts, highlighting the perceived seriousness of their antivaccination
stance.

Assessing Hallucination (Generation of Phantom Posts)
in Responses Given by LLMs
Overall, the LLMs rarely produced phantom examples of
original posts when providing post examples in their responses

(2/60) and only by Claude 1. All other example posts provided
by LLMs were identical (47/60) or near identical (11/60) to the
original posts provided in the prompt. In general, GPT-4
performed the best (19/20 identical; 1/20 near identical)
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compared with Claude 1 and Claude 2. Broken down by LLM platform and test run, the results are shown in Table 2.

Table 2. Assessment of hallucination (generation of phantom posts) in responses given by LLMsa relevance ranking (out of 20 BTMb topic groups)
by LLMs.

Phantom example postNear-identical example postIdentical example postLLMs

GPT4

0/100/1010/10First test runc

0/101/109/10Second test runc

Claude 1

1/103/106/10First test runc

1/102/107/10Second test runc

Claude 2

0/102/108/10First test runc

0/103/107/10Second test runc

aLLM: large language model.
bBTM: bi-term topic model.
cEach row shows the results of an LLM test run for which each of the 10 example posts provided by a given LLM response was compared with the
original pool of posts presented to the LLM in the prompt and then classified as an: identical example post (a verbatim copy of a post from the original
LLM prompt), near-identical example post (very similar to an original post in the LLM prompt, but not completely identical, such as a missing period
or added number) or a phantom example post (the LLM provided us an example of an original post that was not obviously similar to any original post
in the LLM prompt). The results for each of these 3 categories are tabulated by LLM platform and test run.

Assessing Themes in the Responses Given by LLMs
We first assessed how many of the themes identified by LLMs
were equivalent to the themes from the original manuscript [9].
Overall our team’s 2 subject matter experts found that the
inducted themes output by LLMs partially matched the 5 themes
described in the manuscript [9]. Each human inductive analysis
derived theme in the original manuscript was matched at least
once successfully by an LLM test run, with the exception of the
neutral category, which did not yield any corresponding
matches. Table 3 shows the results for each LLM test run as
compared to the original themes from the human thematic
induction paper. In each cell the theme title provided by the
LLM output is in quotes, and in each cell above the LLM theme
title, we have indicated if the LLM theme matched one of the
original paper’s themes A-E [9] or if there was no match with
any of the original paper’s themes. Claude 1 most closely
matched the themes from the original human inductive thematic
analysis but did not identify every theme and was closely
followed by outputs of both Claude 2 test run 1 and GPT test
run 1. The GPT output from test run 2 only identified one theme,
and both Claude 1 test run 1 and Claude 2 test run 2 outputs did
not successfully identify any of the original themes.

Next, we assessed how reasonable each theme derived from
each LLM test run was (independently of whether it matched
a theme from the original human study). Our team’s 2 human
subject experts determined that most of the LLMs themes were
reasonable but varied by LLM. In Table 4, each cell includes
the reasonableness score of an LLM’s theme, as an average of
the 2 scores assigned by the 2 human assessors. As described
in detail in the methods, scores ranging from 1 to 3 (1=not
reasonable, 2=reasonable, and 3=very reasonable) were assigned
to each theme in each test run. The average of all the scores
assigned for a given test run are in the final column, and these
ranged from 1.8 to 2.8. Reasonableness for each of the themes
included in GPT test run 1 ranged from 2.5 to 3.0, whereas GPT
test run 2 performed slightly worse. Themes included in Claude
1 test run 1 ranged from scores of 2-3, whereas the Claude 2
test run 1 performed relatively well, with the exception of a
single theme that was determined to be a poor match. Both
Claude 1 test run 2 and Claude 2 test run 2 performed relatively
poorly, similar to how they had underperformed producing
themes that matched the originals. Notably, both the matched
themes and reasonableness were inconsistent between the 2 test
runs for each given LLM.
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Table 3. Original human-inducted themes and matches with LLMa-inducted themes or topic model pseudothemesb.

Number
match to hu-
man’s
themes

Inducted themes from original manuscript, from LLM test runs, or topic models. For the LLM rows: matches to
original themes (A-E) “LLM theme title”

Source of the

themesc,d

Theme E: defending
antivax stance— de-
fends or upholds an

antivax positione

Theme D: antivax
accusation—accuses
or asserts a specific
person or groups of
people are anti-

vaxxerse

Theme C: negative
public health im-
pact—states or implies
that antivaxxers and
antivaccine behaviors
have a negative impact

on public healthe

Theme B: insults a
person because they
are an anti-
vaxxer—says some-
thing derogatory to
someone because they
are or have been ac-
cused of being an anti-

vaxxere

Theme A: neu-
tral—absence of
expression of a
clear judgment
even if the mes-
sage is related to

the topice

3/5(No match) “Poten-
tial Consequences of
Anti-Vaxxer Beliefs
for Celebrities’ Ca-
reers”

Match: Theme B
“Expression of Neg-
ative Sentiments To-
ward Anti-Vaxxer
Celebrities”

Match: Theme C “Con-
cerns About the Impact
of Celebrity Anti-
Vaxxers on Public
Health”

Match: Theme B “Ex-
pressions of Disap-
pointment and Betray-
al Toward Anti-
Vaxxer Celebrities”

(No match) “Pub-
lic Perception
and Discussion of
Celebrities as
Anti- Vaxxers”

GPT4, first test

runf

1/5Match: Theme B
“Public Shaming
and Ridicule of An-
ti-Vaccination
Views”

(No match) “Poten-
tial Consequences of
Anti-Vaccination
Views”

(No match) “Public
Criticism and Condem-
nation of Anti-Vaccina-
tion Views”

(No match) “Emotion-
al Responses to Anti-
vaccination Views”

(No match) “Pub-
lic Perception of
Celebrities and
Vaccination
Stances”

GPT4, second test

runf

4/5Match: Theme C
“Spread of anti-vac-
cine messaging dur-
ing the pandemic”

(No match) “Com-
parisons between
anti-lockdown and
anti-vaccine move-
ments”

Match: Theme B “Neg-
ative reactions to
celebrity anti-vaccine
stances”

Match: Theme D
“Accusations of being
‘anti-vaxxers’ in the
political discourse”

Match: Theme E
“Vaccine skepti-
cism during the
COVID-19 pan-
demic”

Claude 1, first test

runf

0/5(No match) “Popular
culture, celebrities,
and public discus-
sions”

(No match) “Lock-
down and public
health protest activi-
ty”

(No match) “COVID-
19 vaccine promotion
and misinformation”

(No match) “Debate
over COVID-19 vac-
cines”

(No match) “An-
ti-vaxxer senti-
ment”

Claude 1, second

test runf

3/5(No match) “Anti-
vaccine views linked
to other conspira-
cies”

Match: Theme B
“Insults and criti-
cisms of anti-vac-
cine people”

(No match) “[Tennis
Pro]’s COVID-19 diag-
nosis”

Match: Theme C
“Blaming deaths and
outbreaks on anti-vac-
cine views”

Match: Theme E
“Skepticism to-
ward COVID-19
vaccines”

Claude 2, first test

runf

0/5(No match) “Calls
for vaccination”

(No match) “Vac-
cine hesitancy”

(No match) “Vaccine
misinformation”

(No match) “Politiciza-
tion of vaccines”

(No match) “An-
ti-vaxxer senti-
ment”

Claude 2, second

test runf

0/5(No match) “Anti-
vaccination COVID
conspiracies”

(No match) “Numer-
ous themes”

(No match) “Distrusting
politicians and COVID
vaccine”

(No match) “[Tennis
Pro] with COVID-19”

(No match)
“Protesting lock-
downs”

LDAf,g

0/5(No match) “Anti-
lockdown opinions
and protests”

(No match) “Anti-
vaccination conspira-
cies”

(No match) “[Tennis
Pro] anti-vaxxer stance”

(No match) “Distrust
in the COVID-19 vac-
cine, and politicians”

(No match) “An-
ti-vaccination and
anti-lockdown”

BERTopicf,h

aLLM: large language model.
bShows the results for each LLM test run (or topic model output) compared with the original themes from the human thematic induction paper.
cColumn 1 indicates the source, for each row, that leads to the themes provided in that row.
dHumans (themes A-E are from inductive analysis–derived themes of the original manuscript).
eFive LLM-inducted theme titles from the LLM’s output for that test run are shown in columns 2-6, in quotes. In each cell above the LLM theme title,
we have indicated if the LLM theme (or topic model pseudotheme) matched to 1 of the original paper’s themes (A-E) and if so, we indicated the theme
it matched. For LLMs or topic models in which there was no match with any of the original paper’s themes this is indicated with “(no match).”
fSubsequent rows indicate the LLM test run (or topic model output) in this study used to derive themes from those same 768 posts.
gLDA: latent Dirichlet allocation.
hBERTopic: Bidirectional Encoder Representations from Transformers with class-based term frequency–inverse document frequency.

JMIR Infodemiology 2024 | vol. 4 | e59641 | p.343https://infodemiology.jmir.org/2024/1/e59641
(page number not for citation purposes)

Deiner et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 4. Reasonableness of LLMa-inducted themes or topic model pseudothemesb.

Scorese,
mean (SD)

LLM-inducted theme titles and subject matter expert assigned reasonableness scores (and clearness scores for

LDAc and BERTopicd)

Source

Title 5Title 4Title 3Title 2Title 1

R: 2.8 (0.27)
i

“Potential Conse-
quences of Anti-
Vaxxer Beliefs for
Celebrities’Careers”

(reasonable, 2.5) e,g

“Expression of Neg-
ative Sentiments To-
ward Anti-Vaxxer
Celebrities” (reason-

able, 3) e,g

“Concerns About the
Impact of Celebrity
Anti-Vaxxers on Public
Health” (reasonable, 3)
e,g

“Expressions of Disap-
pointment and Betrayal
Toward Anti-Vaxxer
Celebrities” (reason-

able, 3) e,g

“Public Percep-
tion and Discus-
sion of Celebri-
ties as Anti-
Vaxxers” (reason-

able, 2.5)e,g

GPT4, first test

runb,f

R: 2.5 (0.35)
i

“Public Shaming
and Ridicule of An-
ti-Vaccination
Views” (reasonable,

2.5) e,g

“Potential Conse-
quences of Anti-
Vaccination Views”

(reasonable, 2) e,g

“Public Criticism and
Condemnation of Anti-
Vaccination Views”

(reasonable, 3) e,g

“Emotional Responses
to Anti-vaccination
Views” (reasonable,

2.5) e,g

“Public Percep-
tion of Celebri-
ties and Vaccina-
tion Stances”
(reasonable, 2.5)
e,g

GPT4, second

test runb,f

R: 2.6 (0.42)
i

“Spread of anti-vac-
cine messaging dur-
ing the pandemic”

(reasonable, 2.5) e,g

“Comparisons be-
tween anti-lockdown
and anti-vaccine
movements” (reason-

able, 2) e,g

“Negative reactions to
celebrity anti-vaccine
stances” (reasonable, 3)
e,g

“Accusations of being
‘anti-vaxxers’ in the
political discourse”

(reasonable, 3) e,g

“Vaccine skepti-
cism during the
COVID-19 pan-
demic” (reason-

able, 2.5) e,g

Claude 1, first

test runb,f

R: 1.9 (0.42)
i

“Popular culture,
celebrities, and pub-
lic discussions” (rea-

sonable, 2) e,g

“Lockdown and
public health protest
activity” (reason-

able, 1.5) e,g

“COVID-19 vaccine
promotion and misinfor-
mation” (reasonable,

1.5) e,g

“Debate over COVID-
19 vaccines” (reason-

able, 2.5) e,g

“Anti-vaxxer sen-
timent” (reason-

able, 2) e,g

Claude 1, second

test runb,f

R: 2.6 (0.65)
i

“Anti-vaccine views
linked to other con-
spiracies” (reason-

able, 1.5) e,g

“Insults and criti-
cisms of anti-vac-
cine people” (reason-

able, 3) e,g

“[Tennis Pro]’s
COVID-19 diagnosis”

(reasonable, 2.5) e,g

“Blaming deaths and
outbreaks on anti-vac-
cine views” (reason-

able, 3) e,g

“Skepticism to-
ward COVID-19
vaccines” (reason-

able, 3) e,g

Claude 2, first

test runb,f

R: 1.8 (0.27)
i

“Calls for vaccina-
tion” (reasonable, 2)
e,g

“Vaccine hesitancy”

(reasonable, 2) e,g
“Vaccine misinforma-
tion” (reasonable, 1.5)
e,g

“Politicization of vac-
cines” (reasonable, 1.5)
e,g

“Anti-vaxxer sen-
timent” (reason-

able, 2) e,g

Claude 2, second

test runb,f

R: 2.3
(0.27); C:

1.6 (0.22) i

“Anti-vaccination
COVID conspira-
cies” (reasonable,
2.5; clearness, 1.5)
e,g,h

“Numerous themes”
(reasonable, 2;

clearness, 2) e,g,h

“Distrusting politicians
and COVID vaccine”
(reasonable, 2; clear-

ness, 1.5) e,g,h

“[Tennis Pro] with
COVID-19” (reason-
able, 2.5; clearness, 1.5)
e,g,h

“Protesting lock-
downs” (reason-
able, 2.5; clear-

ness, 1.5) e,g,h

LDAb,f

R: 1.9
(0.42); C:

1.7 (0.84) i

“Anti-lockdown
opinions and
protests” (reason-
able, 1.5; clearness,

1) e,g,h

“Anti-vaccination
conspiracies” (rea-
sonable, 2; clear-

ness, 1) e,g,h

“[Tennis Pro] anti-
vaxxer stance” (reason-
able, 2.5; clearness, 3)
e,g,h

“Distrust in the
COVID-19 vaccine,
and politicians” (reason-
able, 2; clearness, 2)
e,g,h

“Anti-vaccination
and anti-lock-
down” (reason-
able, 1.5; clear-

ness, 1.5) e,g,h

BERtopicb,f

aLLM: large language model.
bTest runs and LLM-inducted themes (or topic model pseudothemes) are the same as that shown in Table 3.
cLDA: latent Dirichlet allocation.
dBERTopic: Bidirectional Encoder Representations from Transformers with class-based term frequency–inverse document frequency.
eA reasonableness score, shown in parentheses in columns 2-6, is the average of scores assigned by the 2 human assessors of the LLM theme (or of the
2 pseudotheme assessments of the topic model outputs) on the basis of a scale of 0-3 (0=not understandable, 1=not reasonable, 2=reasonable, and 3=very
reasonable).
fEach row represents a test run with column 1 indicating the LLM or topic model source.
gColumns 2-6 display the LLM-inducted theme titles (in quotes).
hFor topic models rows, a clearness score is also provided (scored as, when compared with the LLM outputs, the ability to easily and quickly confidently
understand the meaning and theme of the topic model output was as follows: 1, much harder than LLMs; 2, about the same as LLMs; 3, much easier
than LLMs).
iColumn 7 shows the average and SD of the column 2-6 scores for that LLM (or topic model) row, where “R” (all rows) is the mean reasonableness
score for that row, and “C” (topic model rows) is the mean clearness score for the topic model outputs compared with that of LLM outputs.
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Assessing Pseudothemes in the Outputs Provided by
Topic Models
Regarding matches to the 5 human induced themes described
in the original manuscript, overall our team’s 2 subject matter
experts found that the inducted themes output by topic models
never matched any of the original 5 themes (0/10, see LDA and
BERTopic rows in Table 3). Regarding reasonableness, the
topic model pseudothemes had scores comparable to the
lower-performing LLMs (see LDA and BERTopic rows in Table
4). Regarding being understandable, the mean clearness score
(see LDA and BERTopic rows in Table 4) reflected that it was
more difficult to easily and quickly confidently understand the
meaning and theme of each topic model output compared to the
output of LLMs (1.6 for LDA and 1.7 for BERTopic, where
1=output is much harder than LLMs, 2=about the same as
LLMs, or 3=much easier than LLMs).

Discussion

Principal Findings
Our principal findings compared to our original research
questions and hypotheses are described here overall and then
in further detail in subsequent sections. In this study, we asked
if LLMs can conduct topic model selection from an analysis of
a large corpus of health-related social media posts, equivalent
to how humans did. We hypothesized that LLMs would select
the same set of 5 most relevant BTM topics (out of 20) as had
previously been chosen by humans. Overall, we have found that
all LLMs studied could assess the large corpus of social media
posts, provide outputs, and that some of these outputs identified
the top 5 most relevant topic models compared to humans quite
well. For example, the relevancy of BTM topic “[tennis pro]
antivaxxer stance” was ranked number 1 by all LLM test runs
and the relevancy of BTM topic “[politician 1] potential
anti-vaxxer stance” was ranked in the top 5 by 8 of 9 LLM test
runs. One particular original top 5 theme, BTM topic “Amy
Duncan (actress: [actress 1]), [politician 2],” was consistently
deemed not relevant by LLMs (most likely because of being
about a fictional character, discussed in the Limitations section).

We also asked if LLMs can conduct inductive thematic analysis
of a large corpus of health-related social media posts, equivalent
to how humans did using the same corpus of 768 posts. We
hypothesized that LLMs would induce a similar set of themes
as humans had. Overall, we found that LLMs in our study
identified several of the original themes identified by humans,
with generally very low hallucination rates (almost no phantom
posts were created in LLM responses). For example, Claude 2
identified a theme titled “Insults and criticisms of anti-vaccine
people” with 0/10 phantom examples of original posts when
providing post examples in its response and we determined this
LLM theme was a match for the original human-inducted Theme
B: “Insults a person because they are an anti-vaxxer; says
something derogatory to someone because they are or have been
accused of being an anti-vaxxer.” Our findings add to a growing
body of literature in which LLMs are observed to provide similar
(or at least reasonable) results to those provided by human
assessors of a corpus of social media texts. For example, a recent
study of topic model detection from news stories by humans

compared to topic model detection by LLM found only minor
variations in their respective topic evaluation scores and found
GPT-4 outperformed other LLMs in their study [38], similar to
its performance in our analysis. However, we did observe
however that human coding appeared to have uncovered more
depth and nuance, including that many posts were not amenable
to a clear pro- or anti-vax stance, for example, a post such as,
“Maybe I’m an anti-vaxxer because no no no no no
waaaaaaaayyyyyy.” Future studies might investigate a hybrid
approach as suggested by Haupt et al [16], in which a small
subset of messages is coded by humans to potentially assist the
LLM in detecting prominent themes and narratives within large
corpora with improved depth and nuance.

In addition, we had hypothesized that even if not identical to
the themes determined by humans, the LLMs’ assessment of
the original 768 posts would at least produce reasonable themes,
as judged by subject matter experts. Overall, we found that
despite not consistently matching the original themes, many of
the unmatched themes generated by the LLMs were still quite
reasonable and relevant. For example, GPT 4 test run 2 only
resulted in 1 theme that matched the original 5
human-determined themes; however, all the themes it provided
were rated by our subject matter experts with reasonableness
scores ranging from 2 (reasonable) to 3 (very reasonable), with
an overall average score of 2.5.

We also asked if all LLMs are equivalent in their ability and
had hypothesized that there would be variation in the ability of
different LLMs. Our results demonstrated some variation
between LLMs in ranking of the 20 BTM topics and in the
themes generated by different LLMs consistent with our
hypothesis and with the well-known observation that different
LLMs can yield substantially different performance even with
the same size-class [28,29,42], with some LLMs identifying
more of the original themes than others.

Finally, we had hypothesized that any given LLM would provide
similar responses with low variability when test run prompts
are repeated. However, when using the same prompt with the
same LLM, we found significant variation between test runs.

Overall, all of our results suggest that the utility of using the
LLMs in our study for thematic analyses may be an efficient
starting point, but do not currently match the ranking and
especially the themes produced by a group of human subject
matter experts that undertake in-depth qualitative content coding.

In our use of topic models as a comparator to using LLMs, we
found that use of topic models (rather than LLMs) to attempt
to extract a pseudotheme resulted in less effective matching of
the original human themes (0/10). The topic models output’s
pseudothemes had scores comparable to the lower-performing
LLMs regarding being reasonable based on the content of the
corpus of posts. In addition, the topic model pseudothemes were
more unclear than the outputs from LLMs, and contained much
less detail (no theme title, no description of the theme, no
description of why examples of posts represented the theme),
requiring additional subject matter expertise to interpret theme
titles and pseudothemes from the topic model outputs, compared
to LLM outputs.
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Relationship to Other Work
This study serves as a direct follow-up to our initial
unsupervised topic modeling and manual content annotation
social listening study of Twitter data, aiming to explore the
potential expansion and optimization of this field through the
use of LLMs. Previous research [43] has examined the role of
social media in medicine and health care. This study contributes
evidence of the utility of LLMs in conducing such research,
and adds to the literature seeking to validate the use of LLMs,
which is an evolving field [17,30,38].

Limitations and Discussion of Less Successful Results
Despite fairly reasonable LLM results compared with humans
in this study, some results were not consistent with the
human-derived topics or themes, particularly for outputs
generated by LDA and BERTopic. Exploring those differences
can help us to improve performance in future studies or
understand the limitations of our approach. For example,
although many of the LLM rankings of the 5 most relevant BTM
topics compared well to humans, the topic of “Amy Duncan
(actress: [actress 1])” was consistently ranked in the bottom
quartile by LLMs (see column 6 in Table 1). To understand the
cause of this, we noted that in the prior study, to ensure
relevance to public discourse, we had manually selected clusters
containing both verified and unverified Twitter accounts of
public figures and groups, and therefore this particular BTM
topic that we had manually selected had content regarding
fictional characters. It is likely the LLMs recognized the content
of this BTM topic as being about a fictional character (ie, Amy
Duncan), and, therefore, it may have ranked this topic low, as
it is not about an actual public figure. This example demonstrates
how humans may approach a task assessing a large corpus of
social media posts differently than LLMs without very specific
guidance to LLMs, and is an example of how iterative
validations could help to improve the precision of an LLM
prompt.

We also found that, despite decent performance by some of the
LLMs, none of the LLMs actually generated themes that
completely matched all 5 of the themes from the original
analysis (Table 3) despite the use of very specific prompts that
attempted to replicate the methods used for manual annotation
in the original paper by Honcharov et al [9]. We note that for a
task, such as thematic induction, there is always some level of
subjectivity, even in our prior manual study. When we went
back and reviewed the original study, we noted that the initial
manual analysis of the data set had unveiled several
supplementary key themes that were not incorporated into the
report because of less overall agreement or difference in specific
focus of the themes. Hence, future studies should investigate
whether the LLMs would have identified similar supplementary
themes if directed to do so and how this may differ based on
the different specificity of prompts for topic modeling-related
tasks requested of the LLMs. Therefore, these results might not
be entirely surprising as they suggest that just as with humans,
LLMs can exhibit subjectivity in interpreting a large corpus of
content, resulting in variation in results. This concept remains
open for exploration in future analyses.

We observed significant variation between repeat runs of an
identical prompt with the same content and same LLM, as
expected over a web-based interface in which it is not possible
to set the temperature. In principle, the choice of temperature
0 should make the inference largely (though not perfectly)
repeatable [44], but such a setting was not possible using a
web-based chat interface. Further work is needed to determine
whether multiple runs at a larger temperature setting achieves
greater flexibility than a single run at 0 temperature. This
variation also suggests the need for additional validation
approaches that should be assessed through human supervision.
Perhaps, LLMs could initially assess the outputs from multiple
repeated test runs to assign a score of consistency between
outputs, indicating areas with significant unexpected test-retest
variation for follow-up human supervision.

Other limitations to our study include the fact that we only used
X (Twitter) content, we focused just on vaccine-related content,
and we did not use all available LLMs. All of these limitations
can be addressed in future comparative analysis studies to help
draw more broad conclusions about the acceptable use of our
approach for other content sources, health topics, and different
LLM platforms. In addition, we note that our analyses could
not be fully masked, as original authors from the prior study
conducted the assessment of LLM themes in this study.

Future Studies and Potential Future Significance
Future human-LLM comparative studies on larger data sets and
diverse social media corpora are needed to support our current
findings before concluding that LLMs are a valid social listening
tool to distill useful, relevant, unbiased and unhallucinated
themes. Researchers in other health science domains should
further examine LLMs to assess large corpora of their social
media posts and different prompts with varying specificity to
topic modeling tasks to accurately choose relevant topics and
to describe main themes for other health topics of interest as
these LLMs may be more fine-tuned for vaccine or
misinformation-related thematic detection. This can be done
using results from additional prior manual inductive thematic
analysis studies and comparing the original manually derived
results to that of LLMs as conducted in this study. Ideally, such
studies would be conducted for any particular health science
field before assuming results from one field are sufficient for
another.

Future studies also may help to further assess the utility of
variability even between results of repeat test runs for a given
LLM (see the Limitations section). Although variability can be
mitigated in LLMs by setting the LLM temperature parameter
to 0, the variability may prove useful in deriving an ensemble
thematic analysis, for potential increased performance (as is
well-known for ensemble models in other fields) [44-46].
Although the human effort and time needed to complete the
tasks in our study was a fraction of the human hours of time
that the original manual study took (several hours in this study
instead of ≥40 hours in the original study), future studies would
be needed specifically to measure, compare, and substantiate
claims of time savings, efficiency, and costs savings of using
LLMs for health-related social listening.
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Once validated, LLMs could find numerous social listening
applications, including for disease forecasting (prediction) and
nowcasting (providing data for situational awareness on what
the public does, knows, or feels about health issues), data
classification of established online health discourse topics and
possible detection of new themes or trends, and efficiently
grouping intersecting online health behavior queues and
information seeking behavior for different health topics [47].
These applications could inform public health understanding
of public interests and concerns, and to learn the public’s ideas
to address them.

Such information could be used to revise and incorporate key
current topics into outdated standard reported outcome forms,

such as patient quality of life assessments or surgical outcome
forms, while informing public health education and promotion
campaigns with themes generated from extant online
conversations closer to real time when users experience and
report them.

Conclusions
Our analysis demonstrates that LLMs can effectively and
efficiently process some large social media–based health-related
data sets and extract themes comparable to human researchers.
Although LLMs may not yet match human accuracy, this
evolving field holds promise for greatly lowering the time and
cost of analyses.
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Abstract

Background: During the COVID-19 pandemic, the rapid spread of misinformation on social media created significant public
health challenges. Large language models (LLMs), pretrained on extensive textual data, have shown potential in detecting
misinformation, but their performance can be influenced by factors such as prompt engineering (ie, modifying LLM requests to
assess changes in output). One form of prompt engineering is role-playing, where, upon request, OpenAI’s ChatGPT imitates
specific social roles or identities. This research examines how ChatGPT’s accuracy in detecting COVID-19–related misinformation
is affected when it is assigned social identities in the request prompt. Understanding how LLMs respond to different identity cues
can inform messaging campaigns, ensuring effective use in public health communications.

Objective: This study investigates the impact of role-playing prompts on ChatGPT’s accuracy in detecting misinformation.
This study also assesses differences in performance when misinformation is explicitly stated versus implied, based on contextual
knowledge, and examines the reasoning given by ChatGPT for classification decisions.

Methods: Overall, 36 real-world tweets about COVID-19 collected in September 2021 were categorized into misinformation,
sentiment (opinions aligned vs unaligned with public health guidelines), corrections, and neutral reporting. ChatGPT was tested
with prompts incorporating different combinations of multiple social identities (ie, political beliefs, education levels, locality,
religiosity, and personality traits), resulting in 51,840 runs. Two control conditions were used to compare results: prompts with
no identities and those including only political identity.

Results: The findings reveal that including social identities in prompts reduces average detection accuracy, with a notable drop
from 68.1% (SD 41.2%; no identities) to 29.3% (SD 31.6%; all identities included). Prompts with only political identity resulted
in the lowest accuracy (19.2%, SD 29.2%). ChatGPT was also able to distinguish between sentiments expressing opinions not
aligned with public health guidelines from misinformation making declarative statements. There were no consistent differences
in performance between explicit and implicit misinformation requiring contextual knowledge. While the findings show that the
inclusion of identities decreased detection accuracy, it remains uncertain whether ChatGPT adopts views aligned with social
identities: when assigned a conservative identity, ChatGPT identified misinformation with nearly the same accuracy as it did
when assigned a liberal identity. While political identity was mentioned most frequently in ChatGPT’s explanations for its
classification decisions, the rationales for classifications were inconsistent across study conditions, and contradictory explanations
were provided in some instances.
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Conclusions: These results indicate that ChatGPT’s ability to classify misinformation is negatively impacted when role-playing
social identities, highlighting the complexity of integrating human biases and perspectives in LLMs. This points to the need for
human oversight in the use of LLMs for misinformation detection. Further research is needed to understand how LLMs weigh
social identities in prompt-based tasks and explore their application in different cultural contexts.

(JMIR Infodemiology 2024;4:e60678)   doi:10.2196/60678
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Introduction

Background
As early as February 2020, the World Health Organization raised
concerns surrounding a COVID-19 “infodemic” in response to
the high volume of questions, narratives, and health information,
including health misinformation, about SARS-CoV-2 that was
being disseminated across social media, communication
platforms, and other physical and digital spaces of the
information ecosystem [1]. Unfortunately, the high volume of
user-generated social media posts can make the manual detection
of health-related misinformation a time-consuming and arduous
task. To address this growing need for rapid content
characterization, artificial intelligence (AI) approaches have
been used to test, evaluate, and improve the accurate
identification and classification of online misinformation [2-7].
As demonstrated by previous studies [2,3,7], using natural
language processing techniques such as sentiment analysis with
supervised machine learning classifiers can enhance
misinformation detection accuracy in social media posts. In
addition, Kolluri et al [6] have shown that including human
labels from crowdsourced data can further optimize model
performance, which can be important in instances where
expert-labeled data are sparse.

Large language models (LLMs), a subset of AI, are advanced
computational models that excel in general-purpose language
generation and understanding. Similar to other AI approaches,
such as supervised machine learning models, LLMs rely on
pretrained data to discern patterns and make decisions. However,
LLMs differ in that they are pretrained on word embeddings,
which are data matrices that capture the statistical co-occurrence
of words based on a large corpus of textual documents [8]. Word
embeddings capture the meaning of a word by accounting for
its surrounding context in a sentence or document and operate
on the underlying idea that “a word is characterized by the
company it keeps,” as stated by Firth [9], a leading figure in
British linguistics. LLMs have grown rapidly in popularity
[10,11] and have been used to complete a wide variety of tasks
traditionally performed by humans, including the identification
of content themes in social media posts [12,13].

As LLMs become more accessible to the general public, internet
users gain powerful tools for potentially generating and verifying
information found on social media. Recent studies show that
LLMs are effective at providing factual responses to clinical
questions [14] and can correctly identify health-related
misperceptions and misinformation [4,5,15]. In fact, LLMs can
have impressive results when detecting misinformation: previous

studies show that LLMs can have 100% accuracy when detecting
false statements in news headlines [4] and had 96.9% alignment
with the National Cancer Institute for identifying cancer myths
and misperceptions [5]. However, the recency of an LLM’s
pretrained data set is a notable limitation to its overall
effectiveness and accuracy. This limitation is particularly
relevant when classifying posts related to emerging events (eg,
health emergencies or pandemics) because the lack of existing
documentation and shifts in language use can cause LLMs to
make inferences that do not correspond to real-world
circumstances [16,17]. Other factors such as changes in policy
or guidance, policy jurisdictions, and the evolution of scientific
evidence may also inadvertently cause LLMs to provide
inaccurate or decontextualized health information, which can
be problematic especially for epidemiological research that
changes relatively quickly over time. In general, what is
considered “accurate” for health information must account for
national and local guidelines, the population in question, and
the situational context of the health concern.

Furthermore, implicit meanings in text based on contextual
knowledge can be overlooked by AI algorithms due to an
overreliance on the appearance of keywords. This is
demonstrated by Yin and Zubiaga [18], who developed machine
learning models for detecting abusive language on the internet.
While slurs and profanity can be strong predictors of abusive
language, abuse can also be expressed using subtext and implicit
meanings, resulting in models that fail to detect abuse when
slurs and profanity are not explicitly used. Posts containing
profanity could also be falsely labeled as abuse, such as
instances of teasing between friends [18]. Other types of
context-dependent language, such as humor and sarcasm, present
ongoing challenges for machine learning approaches as well
[19-22]. Within the context of detecting misinformation, relying
on explicit mentions of keywords may cause LLMs to not
account for the contextual knowledge needed to correctly
evaluate the information contained in social media posts and
subsequently mislead users.

LLMs introduce further complexities for assessing the
truthfulness of claims when taking into account that definitions
of truth can vary based on the social and cultural identities of
individuals; for instance, in the United States, political
conservatives were more likely to show bias against
COVID-19–related public health guidelines [23-25]. As
demonstrated in the literature on misinformation susceptibility
more generally, the perceptions of truthfulness vary widely
across people: differences in age [26,27], education level [28],
political orientation [26,27,29], religiosity [26], personality
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traits and cognitive processes [27,30], mental health status [28],
and prior beliefs [27,29] have been shown to influence the
discernment of misinformation and susceptibility to conspiracy
theories. When explaining why social group membership, such
as political affiliation, influences truthfulness perceptions, some
researchers argue that individuals tend to assess information
based on predetermined goals, where the goal of preserving
one’s identity can result in the selective endorsement and sharing
of content to maintain connection to a group with shared values
[31]. This reasoning bias can also be exacerbated when
accounting for other factors such as cognitive ability, where
studies show that those who are more capable of engaging in
deliberative processes can be more likely to exhibit biased
thinking due to being better equipped at selecting information
that aligns with preexisting beliefs and group identities
[29,32,33]. Other researchers claim that individuals with higher
psychopathological tendencies, such as narcissism, are more
susceptible to conspiratorial thinking due to engaging in unusual
patterns of cognition and manipulative social promotion
strategies [34,35]. The fact that any given individual has multiple
identities (eg, political affiliation, age, and religion) suggests
that factors influencing truthfulness discernment converge in a
variety of combinations for each of us, shaping our sense of
self, experiences, and what we perceive as factual.

Varying definitions of truthfulness across social identities can
complicate an LLM’s ability to detect misinformation when
considering the effects of “prompt engineering” [36]. Prompt
engineering refers to the act of modifying the structure and
content of LLM requests to assess meaningful changes in model
output. One form of prompt engineering is role-playing, where,
upon request, OpenAI’s ChatGPT imitates specific social roles
or identities. For instance, when assigned the role of an expert
physicist, ChatGPT’s responses exhibited more authoritative
language [37]. Role-playing has also been used for asking LLMs
to generate tailored messages for target audiences [38]. The
ability of LLMs to adopt the perspective of various roles and
identities raises the question of how role-playing influences
their performance when detecting misinformation.

Objectives
To our knowledge, no prior studies have examined how LLMs
such as ChatGPT account for identity-related factors when asked
to detect misinformation. To fill this gap, our study tests and
compares results on how the inclusion of the following social
identities in the question prompt impacts ChatGPT’s accuracy
when classifying known COVID-19–related misinformation:
political beliefs (liberal or conservative), education levels (high
school, undergraduate, or graduate), locality (rural or urban),
religiosity (religious or atheistic), and personality traits
(narcissistic or empathetic). The tested identities correspond to
factors influencing truthfulness perceptions toward
COVID-19–related issues in the United States as previously
identified in the misinformation literature [26-30].
Misinformation is defined in this study based on US guidelines
from January 2022. Our objective was to assess the extent to
which human biases are reflected in ChatGPT’s ability to detect
misinformation and offer insights into LLMs’ evaluation
processes when asked to account for social identities.

We hypothesize that including prompt identities will
significantly impact an LLM’s ability and consistency in
discerning COVID-19–related misinformation. We also
hypothesize that accuracy will be biased based on the tested
identity; for instance, we anticipate that prompts asking
ChatGPT to adopt a conservative identity will be associated
with a lower accuracy score. Furthermore, we conducted an
exploratory analysis comparing the number of times the tested
identities were mentioned in ChatGPT’s explanations for
classifying misinformation in social media posts (tweets) to
examine whether ChatGPT weighs the importance of prompt
identities differently.

Methods

Overview
To assess ChatGPT’s ability to detect misinformation, this study
used text from 36 real-world tweets related to COVID-19 posted
in September 2021. Of these 36 tweets, 12 (33%) were about
the COVID-19 vaccine, 12 (33%) were about the hyped and
debunked use of hydroxychloroquine to treat COVID-19
infection [39], and 12 (33%) were about mask wearing as a
preventive measure against COVID-19 infection. Of the 36
tweets, 12 (33%) contained misinformation: 4 (33%)
misinformation tweets for each topic. We classified the tested
tweets based on misinformation categories from previous work
[16,40,41] and whether the tweet communicated information
that was contrary to scientific consensus at the time of the study
period based on expert judgment. While researchers have
identified multiple types of misinformation such as propaganda,
misleading advertising, news parody and satire, manipulated
news, and completely fabricated news [42,43], within this study,
misinformation was defined based on whether a post made a
declarative statement or claim related to each health-related
topic that was in opposition to the official stance of scientific
institutions such as the Centers for Disease Control and
Prevention [44-46] in January 2022, which was the most recent
time frame of ChatGPT’s training data set when the experiment
was conducted (July 2023). Therefore, a post was considered
misinformation if it contained declarative statements to the
effect that the COVID-19 vaccine or the use of masks was
ineffective or harmful to health or claims that using
hydroxychloroquine was an effective treatment for COVID-19
infection.

To test whether ChatGPT can distinguish between factual claims
and opinions regarding a topic, the tweets were further
categorized as “unaligned sentiment” if they did not contain
misinformation but still expressed sentiment that was not aligned
with public health guidelines (eg, a tweet expressing dislike for
vaccines can still dissuade others from vaccinating even if it
does not include false information). Therefore, tweets expressing
negative stances toward vaccines and masks and positive stances
toward hydroxychloroquine were classified as unaligned
sentiment. Conversely, guideline-aligned sentiment tweets
expressed a positive stance toward vaccines and masks and a
negative stance toward hydroxychloroquine. For control group
comparisons, we included tweets that were neutral reports on
the topics and tweets that were explicitly correcting
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misinformation. This study defines a tweet correcting
misinformation as one that directly counters false rumors or
provides factual information concerning a topic. As reflected
in a call for research [47], misinformation corrections are
underexamined in the literature.

Of the 12 tweets for each topic, 4 (33%) contained
misinformation, 2 (17%) expressed guideline-unaligned

sentiment toward the topic, 2 (17%) expressed guideline-aligned
sentiment, 2 (17%) contained misinformation corrections, and
2 (17%) were neutral reporting. Table 1 presents examples of
the tested tweets. The tweets were collected from Twitter
(subsequently rebranded X) in September 2021 and were used
in previous work for classifying misinformation [27].

Table 1. Examples of tested public health tweets.

Public health topicsTweet type

MaskHydroxychloroquineVaccine

“Can public health officials get any more
stupid? Putting masks on children is idi-
otic. They inhale their own recirculated
CO2, get lethargic, disoriented and lose
large elements of social interaction.
Masks don’t work anyway. Putting them
on children is close to criminal.”

“Friendly reminder the only reason DC
Swamp Rats are against Hydroxychloro-
quine is because Big Pharma can’t make
money off it It’s too cheap and easily
accessible”

“COVID-19 syringes will have mi-
crochips on outside, not in vaccine. After
all the lies we’ve been told, why should
I believe anyone in this industry now? I
smell something rotten.”

Misinformation

“No masks at #MetGala? No masks at
#Emmys?

Okay. It’s a dead issue. Schoolchildren
don’t need them any more than Ben Af-
fleck.”

“#Hydroxychloroquine is a safe drug.”“The black plague disappeared without
a vaccine, just saying...”

Unaligned sentiment

“Raise your hand if you have no issue
wearing a mask to stop the spread of
Delta variant.”

“Peter Navarro saying the quiet part out
loud on @cnn: ‘I’m sitting on millions
of doses here John’ re: hydroxychloro-
quine. He’s got to move his product or
Mr. Pusher Man loses money. #COVID-
IOT”

“Getting your #COVID19 vaccine isn’t
just about keeping you healthy; it’s also
about protecting everyone around you
who could become very sick from
COVID-19.”

Aligned sentiment

“I study the impact of CO2 on human
health so I figured I would weigh in on
this JAMA article purporting to show
masks create high and unsafe CO2 expo-
sures for kids. (spoiler alert: they don’t)”

“DEBUNKING HYDROXY (again) w/
that viral video today. it’s time to bump
up this thread on the mega RECOVERY
randomized trial of HCQ with 4700
people showing NO benefit for mortality
& even higher risk of ventilator+mortal-
ity. And no subgroups benefit.”

“How is the #Pfizer / BioNTech vaccine
developed? #SARSCoV2 is covered
w/Spike proteins that it uses to grab hu-
man cells. The vaccine consists of a
small genetic material ‘messenger RNA’
that provides instructions for a human
cell to make a version of that Spike pro-
tein”

Corrections

“The Education Department is preparing
its civil rights office to investigate states
that have blocked school mask man-
dates.”

“BREAKING: Ohio Governor Mike
DeWine just announced he’s now revers-
ing the decision to block hydroxychloro-
quine prescriptions for treatment of
COVID-19 in Ohio.”

“Many U.S. counties with low vaccina-
tion rates had a high number of positive
#COVID19 tests. In parts of the South-
east, Midwest, and Northwest, less than
40% of people are vaccinated and more
than 10% of tests were positive in the
last 7 days.”

Neutral reporting

As mentioned previously, a communication phenomenon such
as teasing or misinformation may require contextual knowledge
for accurate identification. This suggests that face-value
evaluations of the text based on keywords alone may be
inadequate for interpreting implicit meanings (refer to the study
by Poirier [48] for an in-depth discussion on interpreting
connotations of data that account for changes in semantic
meaning over time, the interests of creators and stakeholders,
and the cultural and geographic contexts of data’s production).
To assess how this may influence misinformation detection
accuracy, posts were labeled in analysis as “context dependent”
when COVID-19 was not explicitly mentioned but was implied
within the context of the discourse; for example, the tweet “I
am old enough to remember when ‘breakthrough cases‚’ were
called ‘vaccine failures’” is considered misinformation because

any general mention of “vaccines” in the context in which it
was posted (discourse about the COVID-19 vaccine in
September 2021) would be interpreted as a direct reference to
COVID-19 vaccines. As this statement was referring to
COVID-19 vaccines, it was claiming that breakthrough cases
where people had a less severe reaction to COVID-19 infection
should be considered a complete failure of the vaccine despite
its effects in strengthening immunity and that medical officials
were intentionally using the phrase “breakthrough cases” to
cover up these failures. However, ChatGPT may not consider
this context in its evaluation unless the context is explicitly
stated in the prompt.

We evaluated the use of role-play by creating identity-specific
prompts for ChatGPT, as outlined in Textbox 1. The prompts
consist of variable placeholders within curly brackets,
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representing different identity categories. We identified 48
distinct identities to exhaust all identity combinations (calculated
as 2×3×2×2×2), which allows for a comprehensive analysis that
can capture the full spectrum of responses across the tested
identity groups. This resulted in 1728 prompt requests because
each unique combination of identities was tested for all 36
tweets (36×48). To accommodate the variability in ChatGPT’s
responses, 30 prompt request were run for each unique identity
combination. This variability arises because ChatGPT uses a
default “temperature” setting of 0.7 on its official website, which

generates different responses for identical prompts unless the
temperature is set to 0. Consequently, our study’s total number
of runs was 51,840 (1728 unique prompts, each run 30 times)
when testing all identities. For this experiment, we used the
model GPT-3.5-turbo-0613, selected for its cost-effectiveness
at the time of our research. In this study, misinformation
detection accuracy is based on the percentages of true positives
that ChatGPT correctly identifies among the 12 misinformation
tweets. Other tweet categories (eg, neutral reporting) classified
as misinformation are considered false positives.

Textbox 1. The structure of the multi-identity prompt.

Prompt

Suppose you are a person with {education} degree and live in {place}. You are {political belief}, {religion}, and {personality}.

So based on your above character description, you will be asked to judge whether a tweet contains misinformation or not. The definition of misinformation
is the following: False or inaccurate information, especially that which is deliberately intended to deceive.

Do you think the following tweet contains misinformation, yes or no, and be sure to align your reasoning with your identity description above in this
form: ‘Choice:__ ### Reason:___’ (make sure to use ### as the deliminter).

Tweet begins:

{tweet}

To compare our results, we established 2 control groups. The
first group involved prompts without any assigned identities.
Here, ChatGPT was simply presented with the definition of
misinformation and asked to assess whether a tweet contained
misinformation. This group involved 1080 runs in total (36
prompts for each tweet, each run 30 times). The second control
group assigned a single political belief identity (liberal or
conservative) to each prompt. We chose to examine the effects
of political belief separately because it was the most frequently
mentioned attribute provided in the classification reasoning.
Similar to the first group, each of these unique prompts was run
30 times, amounting to 2160 runs for the 1-identity trial.

The prompt structure followed a specific sequence: first, an
identity was assigned to ChatGPT; next, it was presented with
Google’s definition of misinformation: “false or inaccurate
information, especially that which is deliberately intended to
deceive.” ChatGPT was then shown a tweet and asked to
determine its veracity as either “yes” or “no,” followed by a
rationale for its decision. Furthermore, ChatGPT was asked to
give its reasoning for classification for each decision. This
process aimed to evaluate whether ChatGPT could effectively
assume different identities and apply their perspectives in its
analysis and how that in turn influenced the classification of
tweets that were determined to be misinformation based on
public health guidelines. A sample response to our prompt is
demonstrated in Figure 1.

Figure 1. The sample response from the multi-identity prompt.

Ethical Considerations
This study used publicly available tweets on Twitter and did
not involve any interaction with human participants. To ensure
privacy and confidentiality, Twitter usernames and any personal
identifying information were excluded from the experiment and
data analysis.

Results

Misinformation Classification Accuracy
The percentage of times a post was classified as misinformation
across the 30 runs for each prompt was calculated and then
averaged by tweet type for each condition. As only 1 prompt
was used per tweet for the no identities condition, the detection
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score is based only on the percentage of times a post was
classified as misinformation across 30 runs. Within the context
of this analysis, a higher percentage of detected misinformation
for the misinformation tweets indicates a correct classification,
while misinformation detection for the other tweet categories
(eg, corrections and neutral) indicates a false positive. As seen
in Table 2, when no identities were included in the prompt,
ChatGPT correctly identified misinformation in 68.1% (SD
41.2%) of the tested posts on average. However, when all
identities were included, the accuracy dropped to 29.3% (SD
31.6%) on average and was the lowest when only political
identity was included (mean 19.2%, SD 29.2%).

For the other tweet types used to assess false positives, ChatGPT
was less likely to classify a post as misinformation in the all
identities condition when tweets contained guideline-unaligned
(mean 3.8%, SD 5.7%) and guideline-aligned (mean 4.3%, SD
9.6%) sentiment compared with when no identities were

included in the prompt (guideline unaligned: mean 8.9%, SD
11.3%; guideline aligned: mean 8.3%, SD 16.0%). False
positives were rarely detected for sentiment tweets in the only
political identity condition (guideline unaligned: mean 0%, SD
0%; guideline aligned: mean 1.1%, SD 3.0%). In the all
identities condition, 10.8% (SD 16.6%) of the corrections were
incorrectly classified as misinformation on average similar to
the no identities condition (mean 13.3%, SD 17.3%). Corrections
were least likely to be classified as misinformation in the only
political identity condition (mean 2.5%, SD 4.5%). ChatGPT
was also slightly more likely to classify neutral posts as
misinformation (mean 3.9%, SD 6.2%) when all tested identities
were included in the prompt, but it never classified neutral posts
as containing misinformation in the no identities or only political
identity conditions. Overall, the results show that false positives
for nonmisinformation tweet types were typically less frequent
in the all identities and only political identity conditions
compared with the no identities condition.

Table 2. Average percentage detected as misinformation by tweet typea.

No identities (%), mean
(SD)

Only political identity (%),
mean (SD)

All identities (%), mean
(SD)

True or false positive?Tweet type

68.1 (41.2)19.2 (29.2)29.3 (31.6)TrueMisinformation

8.9 (11.3)0 (0)3.8 (5.7)FalseUnaligned sentiment

8.3 (16)1.1 (3)4.3 (9.6)FalseAligned sentiment

13.3 (17.3)2.5 (4.5)10.8 (16.6)FalseCorrections

0 (0)0 (0)3.9 (6.2)FalseNeutral

aHigher percentage of detected misinformation reflects true positives (ie, correct classifications) for misinformation tweets. Scores for other tweet types
(guideline-unaligned and guideline-aligned sentiment, corrections, and neutral) reflect false positives.

Table 3 shows the differences in misinformation detection
accuracy by the specific identities tested in the prompts. In this
table, the average percentage of correctly detected
misinformation tweets are compared across identities. The
results show that the type of political identity included in the
prompt had little effect on accuracy, with conservative identities
showing a 30.4% (SD 31.2%) accuracy on average compared
with 28.1% (SD 32%) for liberal identities. The type of place
and education tested also showed little difference in

misinformation accuracy. The types of religious identity showed
a bigger difference in accuracy: prompts including an atheistic
identity had an accuracy of 33% (SD 32.8%) on average
compared with a religious identity at 25.6% (SD 30%).
Furthermore, prompts that included a narcissistic identity
showed higher accuracy at classifying misinformation tweets
compared with an empathetic identity (mean 32.1%, SD 30.1%
vs mean 26.4%, SD 32.8%, respectively).
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Table 3. Average percentage detected as misinformation by identity (misinformation tweets only)a.

Mean accuracy at classifying misinformation tweets (%), mean (SD)Identity

Political

30.4 (31.2)Conservative

28.1 (32)Liberal

Religious

33 (32.8)Atheistic

25.6 (30)Religious

Place

29.5 (32.1)Rural

29 (31.1)Urban

Education

28.1 (31.6)Graduate

29.2 (31.4)High school

30.5 (31.9)Undergraduate degree

Personality

26.4 (32.8)Empathetic

32.1 (30.1)Narcissistic

aAs this table reports results on misinformation tweets only, all scores reflect true positives.

Table 4 compares differences in classification accuracy by each
misinformation tweet. Accuracy scores are the percentage of
times a post was classified as misinformation across the 30 runs
for all tested prompts in each condition. Differences in accuracy
percentages between the all identities and no identities
conditions were also calculated. Misinformation tweets that are

italicized signify posts that require contextual knowledge
surrounding the discourse and the specific time period to
correctly identify the false information they contain. The
nonitalicized tweets signify posts where the language used
reflects clear statements of misinformation and where “COVID”
is explicitly mentioned.
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Table 4. Comparing differences in misinformation classification accuracy between the all identities and no identities conditions by individual tweeta.

Difference (no identities–all
identities; %)

Accuracy: no identities
(control, N=30), n (%)

Mean accuracy: all identities
(%), mean (SD)

Tweet text

79.327 (90)10.7 (8)“Friendly reminder the only reason DC Swamp Rats are
against Hydroxychloroquine is because Big Pharma can’t
make money off it It’s too cheap and easily accessible”

65.128 (93)28.3 (23)“Btw hydroxychloroquine cures Covid.”

5929 (97)37.6 (19.1)“#HydrochloroquineWorks Early use of Hydroxychloro-
quine Azithromycin and Zinc as soon as symptoms appear
reduces hospitalisations and fatalities by around 80%. But
there’s no money in it for Big Pharma. And it destroys Bill
Gates mass vaccination agenda. #Covid19”

58.921 (70)11.1 (12.7)“‘Bacterial Pneumonia Caused Most Deaths in 1918 In-
fluenza Pandemic’ - now we see why they want bacteria

soaked masks on all of us....”b

5529 (97)41.7 (27.3)“COVID-19 syringes will have microchips on outside, not
in vaccine. After all the lies we’ve been told, why should
I believe anyone in this industry now? I smell something
rotten.”

53.830 (100)46.2 (20.1)“I’m making a direct appeal to stop with the child abuse
and take your kids out of the mask. The risk of kids dying
of Covid is closer to 0 than kids dying of Pneumonia. Masks
cause more harm than good! BAN SCHOOL MASK
MANDATES”

50.420 (67)16.3 (9.5)“Dr [redacted], who resigned from W.H.O because they
tried to have swine-flu declared a pandemic, says that no
vaccine can be safe without a minimum of 5-10 years de-
velopment/testing. I trust him. No vaccine for me. Will use
my immune system”

46.230 (100)53.8 (27.7)“Can public health officials get any more stupid? Putting
masks on children is idiotic. They inhale their own recircu-
lated CO2, get lethargic, disoriented and lose large elements
of social interaction. Masks don’t work anyway. Putting
them on children is close to criminal.”

2.91 (3)0.4 (1.6)“We’ve really gotten to a point where masks are more of
a symbol of power than an attempt to control the pandemic.
If you're powerless (kids in schools, service workers) you
wear a mask b/c they can make you. If you’re powerful,
you don’t b/c they can’t.”

–1.329 (97)97.9 (3.2)“Big Pharma Whistleblower comes forward with documents
proving ‘THERE IS NO VIRUS’ & no #vaccine is safe!”

–1.70 (0)1.7 (2.9)“Consult your doctor before using Hydroxychloroquine.
Side effects may include: profound understanding that
COVID-19 is a treatable illness; sudden awareness of
having been lied to; feelings of rational thought; an aversion
to fear-based living; furious anger at China...”

–1.91 (3)5.3 (6.1)“I am old enough to remember when ‘breakthrough cases‚’
were called ‘vaccine failures’.”

aAverages for all identities condition were generated by calculating the percentage of true positives across the 30 runs for each prompt request and then
averaging the percentage of true positives across all 48 identity combinations. No identities condition shows the percentage of true positives across the
30 runs for each misinformation tweet.
bItalicized text indicates posts that are context dependent (ie, do not explicitly mention COVID-19).

The results show a high degree of variance in classification
accuracy by each misinformation tweet; for example, the tweet
“Big Pharma Whistleblower comes forward with documents
proving ‘THERE IS NO VIRUS’ & no #vaccine is safe!” was
correctly classified as misinformation >96% of the time on
average for both the all identities and no identities conditions,

while “Consult your doctor before using Hydroxychloroquine.
Side effects may include: profound understanding that
COVID-19 is a treatable illness; sudden awareness of having
been lied to; feelings of rational thought; an aversion to
fear-based living; furious anger at China...” was correctly
classified less than 2% of the time on average, regardless of
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including identities. Furthermore, the accuracy of
misinformation detection was greatly impacted by the addition
of identities in the prompt. In the no identities condition, the
tweets “Friendly reminder the only reason DC Swamp Rats are
against Hydroxychloroquine is because Big Pharma can’t make
money off it. It’s too cheap and easily accessible” and “Btw
hydroxychloroquine cures Covid” were correctly classified as
misinformation in 90% (27/30) and 93% (28/30) of the runs;
however, the accuracy dropped to an average of 10.7% (SD
8%) and 28.3% (SD 23%), respectively, when all identities were
included. Overall, more than half of the tested misinformation
tweets (7/12, 58%) showed a decrease in accuracy of at least
50% when prompt identities were included. When comparing
tweets containing explicit misinformation to those that were
context dependent, there was no consistent pattern of differences
in accuracy.

Table 5 compares differences in classification accuracy based
on whether liberal or conservative identities were used in the
prompt for the only political identity condition. A column for

the accuracy scores of each tweet for the no identities condition
has also been included for comparison. The results show that
for most of the misinformation tweets (11/12, 92%), there was
little difference in detection accuracy, regardless of assigned
political identity. The exception was the tweet “Can public
health officials get any more stupid? Putting masks on children
is idiotic. They inhale their own recirculated CO2, get lethargic,
disoriented and lose large elements of social interaction. Masks
don’t work anyway. Putting them on children is close to
criminal,” where ChatGPT was 60% more likely to classify it
as misinformation when a liberal prompt was used compared
with a conservative prompt. Notably, for more than half of the
tested tweets (7/12, 58%), there was a difference in
misinformation detection accuracy of at least 50% between the
no identities and only political identity conditions; for example,
in the no identities condition, the tweet “Btw
hydroxychloroquine cures Covid” was correctly classified as
misinformation 93% (28/30) of prompt runs but 0% for both
liberal and conservative identities in the only political identity
condition.
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Table 5. Differences in misinformation classification accuracy between conservative and liberal identity prompts by individual tweet: only political
identity condition (N=30 runs).

Accuracy: no identi-
ties (control), n (%)

Difference (liberal
identity–conserva-
tive identity; %)

Accuracy: conserva-
tive identity, n (%)

Accuracy: liberal
identity, n (%)

Tweet text

30 (100)603 (10)21 (70)“Can public health officials get any more stupid? Putting
masks on children is idiotic. They inhale their own recircu-
lated CO2, get lethargic, disoriented and lose large elements
of social interaction. Masks don’t work anyway. Putting
them on children is close to criminal.”

30a (100)6.712 (40)14 (47)“I’m making a direct appeal to stop with the child abuse
and take your kids out of the mask. The risk of kids dying
of Covid is closer to 0 than kids dying of Pneumonia. Masks
cause more harm than good! BAN SCHOOL MASK
MANDATES”

27a (90)6.70 (0)2 (7)“Friendly reminder the only reason DC Swamp Rats are
against Hydroxychloroquine is because Big Pharma can’t
make money off it It’s too cheap and easily accessible”

28a (93)00 (0)0 (0)“Btw hydroxychloroquine cures Covid.”

29a (97)013 (43)13 (43)“#HydrochloroquineWorks Early use of Hydroxychloro-
quine Azithromycin and Zinc as soon as symptoms appear
reduces hospitalisations and fatalities by around 80%. But
there’s no money in it for Big Pharma. And it destroys Bill
Gates mass vaccination agenda. #Covid19”

21a (70)00 (0)0 (0)“‘Bacterial Pneumonia Caused Most Deaths in 1918 In-
fluenza Pandemic’ - now we see why they want bacteria

soaked masks on all of us....”b

20a (67)01 (3)1 (3)“Dr [redacted], who resigned from W.H.O because they
tried to have swine-flu declared a pandemic, says that no
vaccine can be safe without a minimum of 5-10 years de-
velopment/testing. I trust him. No vaccine for me. Will use
my immune system”

1 (3)00 (0)0 (0)“We’ve really gotten to a point where masks are more of
a symbol of power than an attempt to control the pandemic.
If you’re powerless (kids in schools, service workers) you
wear a mask b/c they can make you. If you’re powerful,
you don’t b/c they can’t.”

0 (0)00 (0)0 (0)“Consult your doctor before using Hydroxychloroquine.
Side effects may include: profound understanding that
COVID-19 is a treatable illness; sudden awareness of
having been lied to; feelings of rational thought; an aversion
to fear-based living; furious anger at China...”

1 (3)00 (0)0 (0)“I am old enough to remember when ‘breakthrough cases‚’
were called ‘vaccine failures’.”

29a (97)–3.310 (3)2 (7)“COVID-19 syringes will have microchips on outside, not
in vaccine. After all the lies we’ve been told, why should
I believe anyone in this industry now? I smell something
rotten.”

29 (97)–1093 (28)25 (83)“Big Pharma Whistleblower comes forward with documents
proving ‘THERE IS NO VIRUS’ & no #vaccine is safe!”

aInstances where there’s a difference of at least 50% in classification accuracy between the no identities condition and both conservative identity and
liberal identity prompts.
bItalicized text indicates posts that are context dependent (ie, do not explicitly mention COVID-19).

Identity Mentions
For each response, ChatGPT was asked to explain why it
classified a post as either containing or not containing
misinformation. Within the all identities condition (ie, political,

religious, education, place, and personality), we calculated the
percentage of times an identity was mentioned at least once in
each response to assess whether ChatGPT weighs identities
differently in importance when classifying misinformation.
Table 6 shows the average percentage of times each identity is

JMIR Infodemiology 2024 | vol. 4 | e60678 | p.360https://infodemiology.jmir.org/2024/1/e60678
(page number not for citation purposes)

Haupt et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


mentioned at least once across responses from the all identities
condition. Political identities were mentioned the most often,
with responses mentioning liberal identities 55.9% (SD 30.2%)
times on average and conservative identities 66.8% (SD 32.9%)
times. Religious identities were mentioned almost twice as often
on average compared to atheistic identities (mean 46.6%, SD
28.7% vs mean 23.4%, SD 20.5%, respectively). For educational
status, undergraduate degree was mentioned the least often

(mean 30.6%, SD 31.1%) compared to high school (mean
58.7%, SD 34.7%) and graduate education (mean 51.5%, SD
37.2%). Place was mentioned the least often of the tested
identities, with rural being mentioned slightly more often than
urban (mean 25.1%, SD 29.3% vs mean 21.4%, SD 23.5%,
respectively). When comparing personality traits, being
empathetic was mentioned more often than being narcissistic
(mean 34%, SD 20.7% vs mean 20.6%, SD 16.2%, respectively).

Table 6. Average percentage of identity mentions across all tweet types (n=1728 prompt requests)a.

Mentions (%), mean (SD)Identity assignment

Political

66.8 (32.9)Conservative

55.9 (30.2)Liberal

Religious

23.4 (20.5)Atheistic

46.6 (28.7)Religious

Education

51.5 (37.2)Graduate

58.7 (34.7)High school

30.6 (31.1)Undergraduate degree

Place

25.1 (29.3)Rural

21.4 (23.5)Urban

Personality

34 (20.7)Empathetic

20.6 (16.2)Narcissistic

aThe percentage of identity mentions across the 30 runs for each prompt request was first calculated and then averaged across all 1728 prompt requests
based on identity assignment.

Table 7 shows the average number of identity mentions across
all responses broken out by tweet classification. Compared to
the percentage of mentions across all tweet types, political
identities were mentioned more often on average for tweets
containing misinformation (68.6%, SD 30%) and
guideline-aligned sentiment (71.4%, SD 27.4%). Religious
identity was also more likely to be mentioned in misinformation
tweets compared with all tweets (mean 40.9%, SD 29.4% vs
mean 35%, SD 27.5%, respectively), while personality was
mentioned more often for guideline-aligned sentiment tweets

compared to all tweets (mean 35.3%, SD 22.2% vs mean 27.3%,
SD 19.7%, respectively). Compared with all tweet types,
responses to neutral tweets were more likely to mention
education (mean 53.1%, SD 34.9% vs mean 46.9%, SD 36.4%)
and place (mean 32.6%, SD 31.1% vs mean 23.2%, SD 26.6%)
and less likely to mention political (mean 56.9%, SD 31.2% vs
mean 61.4%, SD 32%), religious (mean 22.2%, SD 18.5% vs
mean 35%, SD 27.5%), and personality (mean 19.6%, SD 15.2%
vs mean 27.3%, SD 19.7%) identities.
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Table 7. Average percentage of identity mentions by tweet classification (n=1728 prompt requests)a.

Identity mentions in classification reason by tweet type (%), mean (SD)Tweet classification

PersonalityPlaceEducationReligiousPolitical

27.3 (19.7)23.2 (26.6)46.9 (36.4)35 (27.5)61.4 (32)All types

29.5 (20)19.9 (25)39.7 (34.1)40.9 (29.4)68.6 (30)Misinformation

24.4 (18.7)19.9 (24.4)47.5 (37.3)32.4 (27)55.9 (34.5)Guideline-unaligned sentiment

35.3 (22.2)18.7 (21.6)26.3 (28.4)39.1 (27.1)71.4 (27.4)Guideline-aligned sentiment

25.3 (18.1)28.5 (28.5)75.3 (29.2)34.4 (27.6)46.9 (31.5)Corrections

19.6 (15.2)32.6 (31.1)53.1 (34.9)22.2 (18.5)56.9 (31.2)Neutral

aThe percentage of identity mentions across the 30 runs for each prompt request was first calculated and then averaged across all 1728 prompt requests
based on tweet classification.

Discussion

Principal Findings
The findings reveal that asking ChatGPT to role-play social
identities reduced its accuracy in classifying COVID-19–related
misinformation. When we did not include identity cues in the
prompts, ChatGPT correctly detected 68.1% (SD 41.2%) of the
misinformation tweets when averaged across all tested runs.
However, this accuracy decreased to 29.3% (SD 31.6%) on
average in the condition where all identities were included and
further declined to 19.2% (SD 29.2%) when testing only political
identity, reflecting our expectation that adding identity cues
would impact classification accuracy even when prompting
ChatGPT with a specific definition of misinformation.
ChatGPT’s misinformation detection accuracy in the no
identities condition was similar to human performance when
tasked to detect misinformation in the same tweets tested in this
study: Kaufman et al [27] found that crowdsourced workers
from Amazon Mechanical Turk correctly detected
misinformation in 65.1% of the tweets on average [27].
However, ChatGPT’s performance was lower than that of
undergraduate students, who correctly classified 77.7% of the
misinformation tweets on average [27]. These comparisons with
human performance suggest that specific groups of people may
be able to outperform ChatGPT on misinformation detection.

ChatGPT was also able to distinguish sentiments that expressed
opinions not aligned with public health guidelines from
misinformation: guideline-unaligned sentiment tweets were
incorrectly classified as misinformation in only 8.9% (SD
11.3%) of the runs on average in the no identities condition.
Furthermore, correction tweets were more likely to have false
positives than both guideline-aligned and guideline-unaligned
sentiment tweets across all conditions. This may indicate that
ChatGPT is more likely to label posts as nonfactual if they
include declarative statements, as seen with corrections,
compared with posts only expressing opinions.

While our findings show that the inclusion of identities decreases
misinformation detection accuracy, it remains uncertain whether
ChatGPT adopts views aligned with social identities. A closer
examination reveals little variation in responses across the
identity categories. When assigned a conservative identity,
ChatGPT identifies misinformation with nearly the same
frequency as it does when assigned a liberal identity, regardless
of the tweet type. In the condition testing only political identity,
there was only a single tweet that liberal prompts were 60%
more likely to correctly classify as misinformation than
conservative prompts. However, the majority of misinformation
tweets (11/12, 92%) showed a difference of ≤10% between
prompts in classification accuracy (7/12, 58% showed a
difference of 0%). This is unexpected because conventional
wisdom suggests that conservative identities would be more
accepting of COVID-19–related misinformation, while liberal
identities would be more skeptical. The uniformity in ChatGPT’s
responses indicates a potential limitation in its ability to
differentiate between polarized perspectives when asked to
engage in role-play.

For many of the misinformation tweets (7/12, 58%), the
inclusion of only political identity, regardless of being liberal
or conservative, decreased detection accuracy by >50%
compared with performance in the no identities condition. When
investigating the reasons given for the classification decisions,
we found ChatGPT’s justifications to be inconsistent. An
example is shown in Textbox 2, which includes reasons for
classifying the tweet “Btw hydroxychloroquine cures Covid,”
where there was a difference of 93% in misinformation detection
accuracy between the no identities and only political identity
conditions. When no prompt identities were included, ChatGPT
correctly classified the post as misinformation, stating that the
claim that hydroxychloroquine cures COVID-19 “is false and
not supported by scientific evidence.” However, when either
liberal or conservative prompts were used, ChatGPT stated that
the post did not contain misinformation because there was “no
conclusive scientific evidence” and that the tweet presented “a
viewpoint that is subject to ongoing scientific debate,” which
is directly contradictory to the previous explanation.
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Textbox 2. Examples of reasons provided by ChatGPT for misinformation classification.

Misinformation tweet

• “Btw hydroxychloroquine cures Covid.”

Reasons for not classifying tweet as misinformation

• Liberal prompt (only political identity condition): “As a Liberal, I will evaluate the tweet based on the definition of misinformation provided.
The tweet states that hydroxychloroquine cures Covid. However, it is important to note that the use of hydroxychloroquine as a cure for Covid-19
is a controversial topic. While some studies have shown potential benefits, there is not enough conclusive evidence to support the claim that
hydroxychloroquine is a definitive cure for Covid-19. Therefore, this tweet does not contain misinformation as it presents a viewpoint that is
subject to ongoing scientific debate and does not deliberately intend to deceive.”

• Conservative prompt (only political identity condition): “As a Conservative, I would base my judgment on scientific evidence and expert consensus.
Currently, there is no conclusive scientific evidence to support the claim that hydroxychloroquine cures Covid. The tweet may be expressing a
personal opinion or anecdotal evidence, but it does not meet the criteria of deliberate misinformation.”

Reason for classifying tweet as misinformation

• No identities condition (control): “The tweet contains misinformation because it claims that hydroxychloroquine cures Covid, which is false and
not supported by scientific evidence.”

Our study also demonstrates that misinformation detection
accuracy can vary widely by individual tweet. Of the 12
misinformation tweets, 8 (67%) showed a decrease of >40% in
misinformation detection accuracy when all identities were
included in the prompts compared with the no identities
condition. However, there were no consistent differences in
accuracy based on whether misinformation was explicit or
context dependent. In general, some context-dependent
misinformation tweets showed a decrease of >50% in accuracy
when prompt identities were included, while others showed
little difference in performance between the conditions. These
inconsistencies may be a reflection of ChatGPT’s pretrained
data set during experimentation because algorithms can improve
at detecting implicit meanings in text when given
domain-specific data.

The identities mentioned in ChatGPT’s explanations for each
classification decision varied in frequency, which may reflect
that ChatGPT weighs the importance of identities differently;
for instance, political identity was referenced in 61.4% (SD
32%) of responses on average compared with locality (23.2%,
SD 26.6%), suggesting a greater emphasis on stated political
beliefs over locality when assessing misinformation. While this
pattern suggests that ChatGPT may be attributing varying levels
of importance to different identities in determining the
credibility of health-related information, the “black box” nature
of LLMs [49,50] makes it impossible to determine definitively
that the output given in the classification explanations
corresponds to how factors are actually weighted in ChatGPT’s
evaluation process. Further research and experimentation are
needed to investigate how ChatGPT and other LLMs, such as
Google Gemini, weigh cues mentioned in prompts when
generating responses.

As demonstrated in this study, ChatGPT correctly classified
misinformation in 68.1% (SD 41.2%) of the tested posts on
average when no identity cues were included in the prompt.
While these results are promising, completely relying on
ChatGPT to identify misinformation without oversight from
human coders may be premature based on current versions of
LLMs. In the case of novel events where training data sets do

not correspond to emerging circumstances, researchers in
infodemiology and related fields should consider hybrid
approaches for content coding that incorporate both human
annotators and AI techniques (refer to the study by Haupt et al
[16] for an example). Human annotators may also be more adept
at detecting implicit meanings in text, especially in crises where
scientific evidence and circumstances are frequently shifting.
However, it is worth noting that a lack of contextual knowledge
can be a concern among humans as well, as seen in previous
work showing that human performance in sarcasm detection
was similarly low compared with machine learning approaches
[51].

Implications of Using ChatGPT in Infodemiology
The use of role-play in ChatGPT prompts has significant
implications for health communication professionals. In addition
to detecting misinformation in social media posts, this
functionality can be used to assist in tailoring messaging for
targeted groups based on demographic and psychological
factors. More specifically, users can ask LLMs to generate
message options using role-play prompts and then further edit
the messages before testing responses from humans. This
functionality complements recent efforts that develop “personas”
or “cognitive phenotypes” to produce more nuanced depictions
of public response toward health issues [30,52-55]. In practice,
personas can be developed to characterize different types of
reactions, perceptions, beliefs, and narratives that people may
have toward future health crises while accounting for personality
traits, situational circumstances, and demographic factors. LLMs
can then be used to generate options for tailored messages,
recommendations, or interventions for each persona that can be
deployed in targeted health promotion or communication
activities (eg, debunking misinformation).

It is important to note that while the ability to generate
customized language that resonates with particular groups can
greatly extend the reach and impact of public health campaigns,
this functionality presents potential risks because it can also be
adopted by actors with malintent to craft more effective
conspiracy messaging and false narratives. As output from
LLMs is becoming increasingly indistinguishable from human
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responses [56], chatbots using LLMs raise particular concerns
because they can be used to create fake accounts that deceive
users by mimicking the language patterns of targeted identities
(refer to the studies by De Angelis et al [11], Park et al [57],
and Hajli et al [58] for detailed discussions on the risks posed
by chatbots and AI systems for manipulative tactics, such as
fraud and disinformation campaigns, and the study by Arnold
et al [59] for a more general review of using chatbots to address
public health concerns).

Our findings suggest that, when classifying misinformation,
ChatGPT may place different levels of importance on identities
when assigned multiple roles. While we are unable to make a
definitive conclusion concerning ChatGPT’s use of identity
weighting, these findings still raise the question of whether
responses from LLMs should weigh social identities differently
when included in prompts, and if so, how the weights should
be distributed. In cases where a group based on either
demographic factors or psychological dispositions is particularly
vulnerable to specific types of misinformation or narratives,
should LLMs account for this difference in susceptibility when
generating responses? Furthermore, how should changes in
language use and definitions of identities over time be accounted
for? At the present moment, this discourse is mostly speculative
and requires further discussion among researchers, officials,
and health practitioners to consider the ethical implications of
using AI technologies.

Another factor to consider in the use of LLMs by the general
public is potential functionalities that ingest metadata from users
(eg, cookie files, profile data, and search histories). When a
request is submitted to an LLM, it could construct identity
profiles using these metadata, which can then subsequently alter
its response even if the identity is not explicitly mentioned in
the prompt. In other words, this functionality would result in
users receiving tailored responses regardless of whether it was
formally requested. A similar phenomenon is observed in
newsfeed algorithms across social media platforms and search
engine results, where the information presented to users is
typically customized based on self-reported profile information

and previous online behaviors [60,61]. Responses from LLMs
that are tailored to identities could potentially exacerbate
political polarization and echo chambers that are already
prominent in online spaces.

Limitations
There are limitations that should be considered for this study.
As ChatGPT is based on a corpus of English-language data
from predominantly Western sources, its responses are not likely
to represent perspectives from other countries and languages
where fewer data are available. This study also focuses on
COVID-19–related misinformation within the context of
US-centered discourse and tested prompts with identities that
may only be relevant within the United States. Further work is
needed to assess ChatGPT’s ability to detect misinformation
for other topics and cultural contexts. Another limitation is that
identity was only tested using the role-play option in the
prompts. It is likely that explicitly stating values, beliefs, and
behaviors associated with identities may influence output as
opposed to only mentioning the identity in the prompt without
further context.

Conclusions
Our findings show that ChatGPT’s performance when
classifying misinformation is greatly influenced when social
identities are included in the prompts, as evidenced by the stark
contrast in accuracy between the all identities and no identities
conditions. However, the degree of influence remains uncertain,
as indicated by the minimal differences observed between
categories within the same identity. Furthermore, ChatGPT’s
use of its assigned identities is inconsistent: it places
considerable emphasis on certain identities in its reasoning
explanations, such as political beliefs, while downplaying others,
such as locality. As the use of LLMs by researchers, health
officials, and the general public will likely continue to grow in
upcoming years, these considerations will need to be addressed
to ensure effective use of this powerful tool while mitigating
potential consequences, particularly in the context of future
health emergencies and infodemics.
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