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Abstract

Social media has proven to be valuable for disseminating public health information during pandemics. However, the circulation
of misinformation through social mediaduring public health emergencies, such asthe SARS (severe acute respiratory syndrome),
Ebola, and COVID-19 pandemics, has seriously hampered effective responses, leading to negative consequences. Intentionally
misleading and deceptive fake news aims to harm organizations and individuals. To effectively respond to misinformation,
governments should strengthen the management of an “infodemic,” which involves monitoring the impact of infodemics through
socid listening, detecting signal s of infodemic spread, mitigating the harmful effects of infodemics, and strengthening theresilience
of individuals and communities. The global spread of misinformation reguires multisectoral collaboration, such as researchers
identifying leading sources of misinformation and superspreaders, media agencies identifying and debunking misinformation,
technology platforms reducing the distribution of false or misleading posts and guiding usersto health information from credible
sources, and governments disseminating clear public health information in partnership with trusted messengers. Additionally,
fact-checking has room for improvement through the use of automated checks. Collaboration between governments and
fact-checking agencies should al so be strengthened via effective and timely debunking mechanisms. Though the | ntergovernmental
Negotiating Body (INB) hasyet to define the term “infodemic,” Article 18 of the INB Bureau'stext, developed for the Pandemic
Accord, encompasses a range of actions aimed at enhancing infodemic management. The INB Bureau continues to facilitate
evidence-informed discussion for an implementable article on infodemic management.

(JMIR Infodemiology 2023;3:e51760) doi:10.2196/51760

KEYWORDS

Pandemic Accord; infodemic; infodemic management; COVID-19; social media; Intergovernmental Negotiating Body; INB;
INB Bureau; World Health Organization; WHO; misinformation; disinformation; public health

While social media has proven valuable for public health
officials to disseminate crucia information during the
COVID-19 pandemic, it has also been misused by many internet
usersto spread misinformation and fake news. Thishas hindered
the public health response, particularly concerning issues like
antivaccine and antimask sentiments. Fake news, which is

https://infodemiol ogy.jmir.org/2023/1/e51760

intentionally misleading and deceptive, aims to harm
organizations and individuals [1].

Misinformation is commonly shared on platforms such as
Twitter, YouTube, Facebook, messaging applications, and
personal websites. This has exacerbated the severity of the
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pandemic, eroded trust in public health experts, and led to
nonadherence to public health and social measures [2,3].

Health-related misinformation on social media ranges from
0.2%10 28.8% [4]. Twitter, Facebook, YouTube, and Instagram
play a critical role in rapidly spreading far-reaching
misinformation. The increase in unreliable health information
has delayed care provision and contributed to the dissemination
of hateful and divisiverhetoric. However, social mediacan also
be a useful tool to combat misinformation during crises [4].

Misinformation during large-scal e infecti ous disease outbreaks
has been observed since 2000, for example, during the SARS
(severe acute respiratory syndrome) and Ebolaoutbreaks. False
information is often linked to prevention, treatment, risk factors,
transmission modes, and complications, and propagated by
vaccine conspiracy theories [5]. A content analysis of 6600
randomly selected English-language tweets revealed that 22%
contained false or partially false information, with the political
nature of vaccines being most prevalent [6].

The World Health Organization (WHO) proposes addressing
the chalenge of managing an “infodemic” effectively using
these five interconnected areas: (1) closely monitoring and
measuring the impact of infodemics during health emergencies
through social listening [7]; (2) detecting signas and
understanding the spread and risk of infodemics; (3) responding
with interventions that mitigate and protect against the harmful
effects of infodemics; (4) ng infodemic interventionsand
strengthening the resilience of individuals and communities;
and (5) promoting the devel opment, adaptation, and application
of interventions and toolkits for infodemic management [8].

M essages should be based on scientific evidence and actionable
behavioral change. They should be tailored to different
population groups to enable them to make informed decisions
to protect themsel ves and their communities during apandemic.
Vulnerable groups, such as women and youth, are particularly
susceptible to misinformation. Health authorities should engage
in multisectoral, interdisciplinary, and multilevel collaborations,
including with the private sector, especially social media
corporations and influencers [9]. Integrating artificial
intelligence into social listening can provide red-time
information about public discourse and support informed
infodemic responses [10].

Digital health literacy refersto the ability to critically analyze
elements presented in social mediaand determinetheir accuracy
or credibility. Strengthening digital health literacy in the
population can be done through educati on and engagement with
communities, health professional's, and decision makers. A study
revealed that less than half of health professionals possess a
high level of digital health literacy [11]. In assessing digital
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health literacy in the population, a scoping review showed that
the most commonly used tool isthe eHealth Literacy Scale[12].
This short questionnaire consists of 8 questions with a 5-point
Likert scale [13]. The eHealth Literacy Scale can be modified
and used to regularly monitor and strengthen digital health
literacy in the popul ation.

Effective response to misinformation necessitates multisectoral
and multidisciplinary collaboration. Researchers can identify
leading sources of misinformation, including superspreaders.
Media organizations can identify and debunk misinformation.
Technology platforms can monitor and address misinformation
by reducing the distribution of false or misleading posts and
guiding users to health information from credible sources.
Governments can disseminate clear public health information
in partnership with trusted messengers[14].

Fact-checking has room for improvement. One study indicated
that disinformation incorporates features from both propaganda
and mainstream news, making it more challenging to detect.
The scientific community should develop automated
fact-checking processes that consider the degree of veracity
[15]. Countries can apply Factcheck, apowerful tool in thefight
against misinformation [16], along with effective and timely
debunking mechanisms.

In response to the COVID-19 pandemic, WHO member states
decided to draft and negotiate a WHO convention, agreement,
or other internationa instrument on pandemic prevention,
preparedness, and response (referred to as “WHO CA+"). The
goa is to adopt this instrument under Article 19 or other
provisions of the WHO Constitution as deemed appropriate by
the Intergovernmental Negotiating Body (INB). This decision
was mandated during the World Health Assembly Special
Session in December 2021 [17], with the envisaged adoption
of WHO CA+ by the 77th session of the World Health Assembly
in May 2024.

Infodemics is an emerging challenge brought about by the
widespread use of socia media. Thisisthefirst timein history
that the INB is discussing how to address misinformation.
Article 18 of the INB Bureau’stext [18], “ Communication and
Public Awareness,” encompasses a range of actions on public
communication that use scientific knowledge to increase
awareness through community engagement and health literacy.
Infodemic management iscrucial to combat fal se or misleading
information and disinformation. This includes regular social
listening to assessthe prevalence and profiles of misinformation.
Active participation of the INB in the discussion will lead to an
implementable article. We, the members of the INB Bureau
[19], will continue to facilitate evidence-informed negotiations
toward effective infodemic management.
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Abstract

Background: Medication-assisted treatment (MAT) is an effective method for treating opioid use disorder (OUD), which
combines behavioral therapieswith one of three Food and Drug Admini stration—approved medications: methadone, buprenorphine,
and naloxone. While MAT has been shown to be effectiveinitially, thereisaneed for moreinformation from the patient perspective
about the sati sfaction with medications. Existing research focuses on patient satisfaction with the entirety of the treatment, making
it difficult to determine the unique role of medication and overlooking the views of those who may lack access to treatment due
to being uninsured or concerns over stigma. Studies focusing on patients’ perspectives are also limited by the lack of scales that
can efficiently collect self-reports across domains of concerns.

Objective: A broad survey of patients’ viewpoints can be obtained through social media and drug review forums, which are
then assessed using automated methods to discover factors associated with medi cation satisfaction. Because thetext isunstructured,
it may contain a mix of formal and informal language. The primary aim of this study was to use natural language processing
methods on text posted on health-related social media to detect patients’ satisfaction with two well-studied OUD medications:
methadone and buprenorphine/nal oxone.

Methods: We collected 4353 patient reviews of methadone and buprenorphine/nal oxone from 2008 to 2021 posted on WebMD
and Drugs.com. To build our predictive models for detecting patient satisfaction, we first employed different analyses to build
four input feature sets using the vectorized text, topic models, duration of treatment, and biomedical concepts by applying
MetaMap. We then developed six prediction models: logistic regression, Elastic Net, least absolute shrinkage and selection
operator, random forest classifier, Ridge classifier, and extreme gradient boosting to predict patients satisfaction. Lastly, we
compared the prediction models' performance over different feature sets.

Results. Topics discovered included oral sensation, side effects, insurance, and doctor visits. Biomedical concepts included
symptoms, drugs, and ilInesses. The F-score of the predictive models across all methods ranged from 89.9% to 90.8%. The Ridge
classifier model, a regression-based method, outperformed the other models.

Conclusions: Assessment of patients’ satisfaction with opioid dependency treatment medication can be predicted using automated
text analysis. Adding biomedical concepts such as symptoms, drug name, and illness, along with the duration of treatment and
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topic models, had the most benefits for improving the prediction performance of the Elastic Net model compared to other models.
Some of the factors associated with patient satisfaction overlap with domains covered in medication satisfaction scales (eg, side
effects) and qualitative patient reports (eg, doctors' visits), while others (insurance) are overlooked, thereby underscoring the
value added from processing text on online health forums to better understand patient adherence.

(JMIR Infodemiology 2023;3:€37207) doi:10.2196/37207

KEYWORDS

machine learning; online forums; text classification; topic modeling; MetaMap; drug review; opioid treatment, opioid use disorder;

patient-generated text

Introduction

Opioid Use Disorder

The 2018 National Survey on Drug Use and Health estimated
that 10.3 million people over 12 years old misused opioids,
including 9.9 million individuals who misused prescribed pain
relievers and 808,000 heroin users [1]. Long-term misuse of
opioidsand heroin affectsthe brain’snormal functionalitiesand
results in opioid tolerance, dependence, or addiction [2]. The
Centersfor Disease Control and Prevention (CDC) haspreferred
the term “opioid use disorder” (OUD) over “opioid abuse or
dependence’ owing to the set of behavioral, cognitive, and
physiological symptoms after repeated substance use [3]. In
response to the opioid dependence crisis, the National Institute
on Drug Abuse has invested in the implantation of science and
patient care to increase access to medication-assisted treatment
(MAT), which consists of medication and behaviora therapies
to reduce OUD across hedlth care and the justice system [4].
MAT with opioid agnostic medications such as buprenorphine
and methadone helps patients with OUD reduce relapse rates
of quitting opioids; lowersillicit opioid use; and resultsin an
overall reduction of the burden of opioid dependency on
patients, caregivers, and the health care system [5].

Based on the CDC reports, MAT is a practical, systematic
approach that incorporates medications such as methadone,
buprenorphine, or naloxone along with behavioral therapy to
meet the needs of patients with OUD. Methadone, afull opioid
agonist, has been the most generally recognized and
well-researched among pharmacol ogical and
nonpharmacological treatments since its introduction in 1965
[6]. Methadone provokes cellsin the sameway asillicit opioids
but does not invoke the same cellular response that leads to
dependence on the drug [7]. Another well-tolerated MAT
supervised by themedical profession isbuprenorphine/nal oxone,
marketed under the brand name Suboxone [8]. Buprenorphine
isapartial opioid agonist that bindsto the same opioid receptors
as the opioid drugs in the brain, decreasing craving and
withdrawal symptoms [8]. Methadone was developed for oral
applications, and buprenorphine/naloxone is formulated for
sublingual applications [9].

Inacontrolled comparative randomized study, Saxon et al [10]
assessed  the retention rates of methadone and
buprenorphine/naloxone in individuals with OUD (N=1269).
The study found that 74% of patients taking methadone
completed the 24-week treatment, while only 46% of patients
taking buprenorphine/naloxone completed the 24-week
treatment, suggesting that over the net of behavioral therapies

https://infodemiol ogy.jmir.org/2023/1/€37207

and other client services offered, medications play a key role
in experiences. These findings suggest that a methadone
treatment course may produce a better retention rate
(medication’s overall effectiveness) than a
buprenorphine/naloxone treatment course, yet patients may
prefer the latter when given a choice [11].

Various factors play into patient preferences and overal
satisfaction with medication, including financial barriers, ease
of use, and side effects, particularly withdrawal symptoms[12].
Unlike MAT, withdrawal symptoms appear immediately after
opioid discontinuation or lowering of the dosage of opioids
[13,14]. Cicero et a [15] found that the fear of withdrawal
symptomsisacompelling motivator to rel apse ashort time after
OUD treatment. As aresult, poor/nonadherence and treatment
dropout are quite common in MAT [16]. Bastiaans et a [17]
reported elevated pulse rate, piloerection, pains, nausea, and
many other symptoms as signs of withdrawal. Therefore,
understanding the patients’ satisfaction with medications used
in OUD treatment may help health care professionals make
informed treatment decisions [18].

Unfortunately, existing data have several limitations. Studies
examining patient experiences with OUD treatment often
evaluate satisfaction with the entire treatment and do not
disaggregate sati sfaction with the medications used [ 19]. When
studies do measure satisfaction with the medications specificaly,
they are limited by the lack of scales designed for OUD
treatment and that are short enough to administer regularly [20].
Qualitative studies can provide opportunities for patients with
OUD to volunteer a broad range of factors shaping their
satisfaction with medication [19], but they share a limitation
with quantitative studies in that they often sample from those
who are enrolled in treatment [12]. This approach misses the
perspectives of those who cannot access treatment because of
concernsover stigmaor lack insurance [21]. An alternative data
source is therefore needed.

OnlineHealth Forums

To better understand the patients’ experiences and address
limitations in existing data sources, online health forums have
been proven to be useful resources, as patients are not biased
by the presence of a medical professional [22]. Accordingly,
patients seek external information sources such as health care
forums or online health care communities, particularly reports
of patients with similar health conditions and treatment [23].
Besides, these forums also provide valuable social support,
encouragement, and friendship [24,25]. In research on the
efficacy of online health discussion forumsfor prescription drug
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abuse, findings imply that an online health forum is useful for
assisting users with physical detoxification and opiate
withdrawal [26]. Another advantage of these online platforms
compared to survey data is that people decide when to post a
review compared with patient satisfaction surveys. In a study
on bias in patient satisfaction surveys, Dunsch et al [27]
demonstrated how assessments of patient satisfaction are
extremely sensitive to how the questions are framed. They aso
found convincing evidence of the acceptance bias, or peoples
inclination to accept a statement regardless of its content, in
particular [27].

Natural Language Processing

Analyzing datafrom online health forumsis not without its own
challenges. The text is unstructured and may contain a mix of
formal and informal concepts. Moreover, across the reviews,
there may be different termsused to refer to the same biomedical
concepts. Natural language processing (NLP) techniques
increasingly offer an alternative analytic strategy for addressing
complicated interactions in large data sets, recognizing hidden
patterns, and providing effective predictions in health-related
texts [28,29]. Severa prior studies have used NLP methods to
predict opioid dependency [30,31], overdose [32], prolonged
use of opioids after surgery [33], suicidality among opioid users
on the online forum Reddit, or other related outcomes [34].
Moreover, in analyzing health-related online review posts, Lu
et a [35] discovered health-related topics using text clustering
algorithms on social media data.

Contributions

To address limitations in existing data on patient satisfaction
with medications for opioid dependency, we examined online
health forums. The aim of this study wasto utilize NL P to detect
patient satisfaction with opioid medication treatments from
patient reviews in health forums that mention methadone and
buprenorphine astargeted OUD medications. To the best of our
knowledge, thisisthefirst study to identify biomedical concepts
influencing patients' satisfaction with opioid medication
treatments and automatically detect patient satisfaction using
those concepts as model features. To achieve our goal, we
utilized patient reviews from two well-known health care
forums, WebMD [36] and Drugs.com [37], on opioid treatment
medications. We adso used MetaMap (an NLP and
computational-linguistic tool devel oped by the National Library

Figurel. A samplereview post from Drugs.com.

Taken for & months to 1 year -
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of Medicine) to extract biomedical terms used in the patients
posts. We leveraged these terms along with the duration of
treatments to train a stratified 10-fold cross-validation (CV)
model to detect patient satisfaction with targeted medications.

Methods

Study Design

Themethodology of thisstudy consisted of four stages: (1) data
collection and preprocessing, (2) identifying hidden topic models
and duration of treatment, (3) identifying biomedical concepts
by applying MetaMap, and (4) developing a predictive model
to detect patient satisfaction with opioid medications from
reviewers posts. We describe each of the stagesin detail below.

Data Sources

We used two health care forums, Drugs.com and WebMD, as
our data source for this study. Both forums collect patients
self-reported experiences for a wide range of medications. In
both forums, patients can report their experiences with
medicationin afield called “ comments.” Inthe WebMD forum,
patients can enter their gender and age range, while the
Drugs.com forum does not have an option for gender and age.
In both forums, each review post includes a rating attribute for
the reviewer to rate the treatment effectiveness experience as a
number, which isin the range of 1-10 in Drugs.com and 1-5in
WebMD. In addition, in either forum, the reviewers can input
the duration of their treatments into four categories: too short,
less than 1 month, too long, and more than 10 years. WebMD
also has optionsfor collecting the “drug satisfaction” and “ease
of use” while Drugs.com does not have these two rating
features. The date of reports in both forums is recorded
automatically using the system. The patient’s ID is visible;
however, the forums collect the patient consent to make the
reported experience publicly available. Figure 1 showsasample
review post from the Drugs.com forum.

In this study, our targeted drugs were the two well-studied [38]
OUD treatment medications methadone hydrochloride and
buprenorphine/naloxone hydrochloride (Zubsolv, Suboxone,
Subutex, and Bunavail). Methadone and nal oxone (brand names:
Methadose and Dolophine) are from a class of medications
called opioid analgesics, whereas buprenorphine is from the
partial agonist-antagonists class.

March 25, 2020

For Opiate Dependence: “l have been on sublocade for a little over 1 year and it is way better

than strips | had been using. | was taking 500 - 600mg of opiates a day and now i have been

clean for 5 years time to kick the sublocade”

10/10

Was this helpful? Yes No
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Data Collection

We collected 4353 drug reviews from the two online forums
via an automatic web scraper. We used beautiful soup [39] in
Python programming to devel op the web scraper. The collected
dataincluded review poststhat mentioned these two drugs (both
generic and brand names for each) from 2008 to 2021, the
duration of the treatment, and drug effectiveness rating.
Henceforward, because the term “ effectiveness’ hasaparticular
meaning in the medical literature, we refer to the numerical
patient rating as “ patient satisfaction.”

Data Preprocessing

In this study, we used the whole review comment as the unit of
our analysis to preserve the meaning of the patients' review
comments. We removed all posts that did not provide any
comment text for the post. We then used Natural Language
Toolkit [40] to remove al stop words, punctuation, and
non-ASCII characters. Subseguently, the words were stemmed
and lemmatized for applying the topic modeling approach. This
data-cleaning process improves the performance of topic
modeling asit avoids repeated versions of aword in atopic and
improves the detection rate significantly [41]. Finally, we
rescaled patients' ratings for the two medication treatments
(methadone and buprenorphine/nal oxone) from the two forums
for further devel oping the predictive model process. As stated
earlier, in both forums, each review post includes a rating
attribute for rating the treatment medication satisfaction by the
reviewer. Drugs.com’srating ranges from 1 to 10, whereasthis
rating is from 1 to 5 on WebMD. To make the rating uniform,
we employed the approach proposed by Dawes [42] to rescale
1-10ratings on ascale from 1 to 5. In this approach, 1 remains
as1and 10 isrescaled to 5, and then the midpoint of 5.5 on a
10-point scale is changed to be 3, the midpoint of 1 is changed
to 5, and so on. We then rescaled the satisfaction ratings from
a 5-score scale into a binary score, in which a score of 1, 2, or
3=unsatisfied and a score of 4 or 5=satisfied [43].

Sample Size Calculation

To identify the best features from users’ posts, we needed to
determinethe best random samplefor the collected review posts.
We first identified the ideal sample size using the finite
population correction factor when sampling without replacement
[44]. The formula used for calculating the sample size n with
the limited population factor formulain statisticsis as follows:

n=nyN/ny+(N-1)

where N is the population size and n, is the size of the sample

before the finite population factors are applied. We calculated
ng with the following formula:

no=2p(1-p)/€

where e is the sampling error, p is the population standard
deviation, and zis the confidence level. We then calculated the
ideal size n for a sample with N=4353, e=0.007, p=0.15, and
z=1.96 (95% confidence), yielding n=100. To find the best
random sample of size 100, we used a stratified sample method.
This approach divides the population into groups, and a
proportionate number is randomly sampled from each group
[44].

https://infodemiol ogy.jmir.org/2023/1/€37207
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Content Analysis of Drug Reviewsand NL P Tools for
Feature Extraction

After determining the sample size, we reviewed 100 posts via
the stratified sample method manually to get a better sense of
the posts’ content to determine the most suitable techniques for
feature extraction. Our manual content analysis showed that the
patients use both colloquial and formal medical language to
express medical concepts presenting symptoms, adverse drug
effects, drug effectiveness, and some social concepts (eg, social
isolation or financia stress) with medication. Therefore, to
identify the medical concepts, we used MetaMap to extract the
medical and social concepts, particularly for formal expressions
(see the Biomedical Concepts Extracted by MetaMap section
below for more details). In addition, to identify the major themes
in each drug review, we used the topic modeling approach. We
also used vectorized text and n-grams as the baseline feature
set. Furthermore, we conducted feature importance in Python
to determine the contribution of each feature set to the model
performance. The following sections provide more detail on
each feature set.

Biomedical Concepts Extracted by MetaMap as
Features

To identify the biomedical concepts such as symptoms, drugs,
and illnesses mentioned in the review posts, we employed
MetaMap, a publicly available program based on NLP and
computational-linguistic methods developed by the National
Library of Medicine. MetaMap iscommonly used ininformation
extraction, classification, biomedical and clinical literature
analysis in natural language, and unified medical language
system (UMLS) concept-based indexing and retrieval. MetaMap
maps biomedical text to concepts in the UML S Metathesaurus
[45], which assists in organizing different vocabularies used
to refer to the same biomedical concept. It takes the text and
breaks it down into components that include terms, phrases,
linguistic elements, and tokens through a series of modules. In
a comprehensive study on MetaMap features, Aronson et al
[46] reported that MetaMap has an extension of the NegEx
algorithm [47] to detect negated concepts.

The number of biomedical concepts extracted by MetaMap for
all collected reviews was 556. To improve the performance of
machine-learning a gorithms, sparse features and features with
low frequency for an identified concept were removed. Thus,
we primarily focused on conceptswith higher frequency, leaving
424 hiomedica concepts on three groups of symptoms, drugs,
and illnesses. The detailed procedure, including MetaMap
methods and the associated results summary, is provided in
Multimedia Appendix 1.

Topic Models as Features

Topic modeling is a statistical technique that groups the words
of a collection of documents based on their frequency of
co-occurrence. Topic modeling’s core assumption is that a
document contains a mixture of themes. To identify the main
underlying themes or “hidden topics’ among the patients’ posts,
we utilized latent Dirichlet allocation (LDA) [48], one of the
popular topic modeling algorithmsin NLP. LDA isathree-level
hierarchical Bayesian model that models each item of a
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collection as a finite mixture over an underlying list of topics.
The main advantage of LDA isthat it is a probabilistic model
with an interpretable subject and different parameters [49].
Additionally, studies on online health forums dealing with breast
cancer [50] and Chinese social media [51] revealed that LDA
can be used as a feature for developing predictive models to
detect postingsthat contain informational and emotional support
automatically. However, the basic disadvantage of LDA isthat
it lacks objective metrics to justify hyperparameter selection
[52].

For our analysis, we used the LDA a gorithm implemented in
Python’s Gensim package [53]. We utilized the Mallet function
from the Gensim package. Selecting the best number of topics
isimportant to create a meaningful set of topics. Steyvers and
Griffiths [54] observed that the best humber of topics varies
from task to task and needs to result in the best generalization
performance. Their research concluded that picking too few
topics causes a vast topic, limiting the ability to discriminate.
In contrast, too many topics results in topics that tend to catch
unusual word combinations [54]. To that extent, to determine
the best number of topics and words per topic, we experimented
with different numbers of topics (5, 10, 15, 20, 25, 30, and 35)
and words (5, 10, 15, and 20) alongside manual tuning of the
LDA parameters. We also assessed the coherence score [55]
corresponding to each extracted topic model calculated by

Table 1. Four different feature sets used for the predictive model.

Omranian €t al

Mallet and confirmed their reasonabl eness by manual inspection.
By this method, the most meaningful set included 20 topics
with 10 words per topic.

Duration of Treatments

Fishbain et al [56] found that between 3.3% and 14.5% of
long-term prescription opioid users developed an opioid
dependency after an average of 22.1 months of exposure [57].
Therefore, we considered the duration of opioid treatment
medication as one of the predictive model’s features. On both
online platforms, the users have seven choicesto enter thetime
on the medication: less than 1 month, 1-6 months, 6 months to
1 year, 1-2 years, 2-5 years, 5-10 years, and 10 or more years.

Approximately 10% of the collected data had missing
information about the treatment duration. To handle the missing
data, we utilized maximum-likelihood estimation, a statistical
strategy for estimating missing data based on the available data
that have been seen [58].

As a fina step, the features extracted using NLP techniques
(Table 1) were combined with the duration of treatment for
developing machine-learning models to predict patient
sati sfaction with the two targeted opioid treatment medications:
methadone and buprenorphine/naloxone (see the Data Source
section for details).

Input features Baseline feature set Feature set 1 Feature set 2 Feature set 3
Vectorized text, unigrams, and bi- d d d ad

grams

Biomedical concepts extracted by d ad

MetaMap

Topic models d

Duration of treatment

Machine-L earning Algorithms

In this study, we selected six machine-learning algorithms to
predict the patients’ satisfaction with OUD treatments. We chose
six predictive approaches based on prior studies that have
frequently produced the best prediction outcomes in
classification talk [59,60]. These approaches are logistic
regression, the elastic network model (Elastic Net), least
absol ute shrinkage and sel ection operator (LASSO) regression,
ridge regression model (Ridge), and two decision tree models,
random forest and extreme gradient boosting (XGBoost).

We used stratified k-fold CV, which automatically selects
training and test sets for each iteration, to train and test the
machine-learning models, none of the models tune
hyperparameters shared across different iterations. The k-fold
CV gplitsthe data set into k folds randomly each time and uses
one dedicated fold for the test set and the rest of the folds for
the training set [61]. In a stratified k-fold CV, the folds are
stratified to ensure that each fold of the data set has the same
proportion of observations with a given label, particularly in
the case of an imbalanced labeled data set [62]. Han et a [63]
recommended stratified 10-fold CV owing to its low bias and
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variance for assessing the performance of machine-learning
algorithms. Therefore, we used a stratified 10-fold CV to train
and test the models, and the average of the folds was taken to
compare the metrics.

The above agorithms were fed with four novel combinations
of input features (Table 1) as follows:. vectorized text, which
includes unigrams and bigrams (baseline feature set); vectorized
text along with features from MetaMap (feature set 1);
vectorized text along with features from topic models and
duration of treatment (feature set 2); and lastly, vectorized text
along with features from both MetaMap and topic models and
duration of treatment (feature set 3). In the next section, we
describe the details of the model features. We evaluated each
model’s performance using general metrics of accuracy,
precision, recall, F-score, and area under the curve (AUC).

Results

Statistical Analysis

Removing the posts with empty comment texts reduced the
sample of 4353 posts to 4048. The average number of words
per post review was 93. Among all review posts, three quarters
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of reviewers utilized buprenorphine/naloxone (Suboxone) and  of treatment duration reported by patients among six categories
therest used methadone. Figure 2 demonstratesthedistribution  of time on the medication.

Figure 2. Distribution of the duration of treatment reported by patients.
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Our statistical analysis revealed that 18% of the patients were  36% of satisfied patients with the medications reported using
unsatisfied with the trestment medication and 82% reported  the medication for less than 1 month.
satisfaction with targeted medications. As shown in Figure 3,

Figure 3. Distribution of "satisfied" and "unsatisfied" patients according to the duration of treatment.
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After applying MetaMap to al review posts, we found that the  mentioned ilInesses such asadrenal crisis, delirium, and chronic
patients mentioned symptoms such as breathing problems, headaches. The top 10 symptoms, other drug names, and
dehydration, vomit, and confusion. The reviewers also illnessesextracted by MetaMap are summarized in Table 2.
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Table 2. Top 10 biomedical concepts for symptoms, other drugs, and illnesses extracted by MetaMap.

Category Biomedical concepts

Symptoms
mood changes, depressing

Other mentioned drugs

Suffocate, breathing problem, dehydration, vomit, confusion, restlessness, disoriented, muscle weakness,

hydroxyzine (anxiety, nausea), luvox (OCD?), temazepam (insomnia), vitamins (body needs), miralax

(constipation), fioricet (pain and fever reliever), Narcan (overdose), magnesium citrate (bowel move-
ment), Adderall (ADHDb), Ambien (insomniain adults)

IlIness

adrenal crisis, delirium, reflex sympathetic dystrophy, cyst, hydrocephalus, chronic headaches, sciatica,

fibromyalgia, herniated discs, degenerative joint disease

30CD: obsessive compulsive disorder.
BADHD: attention deficit and hyperactivity disorder.

Asdepicted in Table 2, reviewers mentioned other drugsin their
posts, such as hydroxyzine, which is used for anxiety and
nausea, and temazepam, which is helpful for insomnia. After
applying topic modeling methods, the top four hidden topics

Table 3. Four meaningful topics and associated words extracted by Mallet.

extracted by LDA were an oral sensation, side effects, insurance,
and doctor visit. Table 3 demonstrates the top 10 words
associated with each cluster of topics.

Topic Top 10 associated words

Oral sensation dissolve, experience, tongue, back, minute, mouth, cheek, form, consider-
able, night

Side effects bad, anxiety, depression, sober, luck, meditation, write, panic, person,
properly

Insurance insurance, find, cover, anymore, strong, worry, company, doctor, couple,
list

Doctor visit doctor, thing, put, prescribe, amazing, blood, sublingual, leave, worried,

shot

Prediction Model Performance

Table 4 shows the predictive model performance through four
different feature sets: vectorized text, including unigrams and
bigrams (baseline feature set); vectorized text along with
biomedical concepts (feature set 1); vectorized text along with
topic modelsand duration of treatment (feature set 2); and lastly,
vectorized text along with biomedical concepts, topic models,

and duration of treatment (feature set 3). Our featureimportance
analysis revealed that text alone had higher importance in the
models' performance than features extracted by MetaMap, topic
models, and the duration of treatments. After feeding each model
with a different set of features, we found a slight improvement
inthe F-scores of the predictive models compared to the baseline
model, except for the Ridge classifier with asmall deterioration.

Table 4. Performance (F1-scores) of six classifiers for each combination of features.

Model Baseline feature set Feature set 1 Feature set 2 Feature set 3
Logistic regression 90.2 90.3 90.2 90.5
Elastic Net 90.2 90.2 90.2 90.6
LASSO? 90.3 90.1 90.3 90.5
Random forest 90.0 90.0 90.0 90.0
Ridge classifier 90.8 90.2 90.7 90.6
XGBoost® 89.9 9.2 90.1 9.2

3_ASSO: |east absolute shrinkage and selection operator.
bx GBoost: extreme gradient boosting.

Thereceiver operating characteristic curvesin Figure4 compare
different classifiers for different feature sets. Comparing the
AUC values shows that the logistic regression model

https://infodemiol ogy.jmir.org/2023/1/€37207

RenderX

(AUC=78.8) outperformed the other models. The complete
curves for al classifiers and feature sets are available in
Multimedia Appendix 2.
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Figure 4. Receiver operating characteristic plots showing the performance comparison among six classifiers, including feature set 3. AUC: area under
the curve; LASSO: least absolute shrinkage and selection operator; XGBoost: extreme gradient boosting.
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Figure 5 shows the precision-recall curves of all models on the
different feature sets. The AUC values were calculated based
on the average of the AUC of each curve. Comparing the
prediction scores shows that al models had a close range of
scores. As shown in Table 4, the F-score for al models ranged
from 89.9% to 90.8% for the baseline feature set, biomedical
concepts, topic models, and duration of treatment feature
combination set. The Ridge classifier model scores, in general,

https://infodemiol ogy.jmir.org/2023/1/€37207

RenderX

were better than the other models' scores. Adding biomedical
concepts, topic models, and duration of treatment as features
individually and in combination improved the performance
measures of the logistic regression, Elastic Net, LASSO, and
XGBoost models, whereas there were no changesfor the random
forest model. The results also reveal ed that the Ridge classifier
gained the highest performance (F-score=90.8) by having the
baseline feature set asitsinput.
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Figure5. Comparison of the precision-recall curves of al models, including feature set 3. AUC: areaunder the curve; LASSO: |east absol ute shrinkage

and selection operator; XGBoost: extreme gradient boosting.
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Principal Findings

In this study, we collected review posts from two online
health-related forums, Drugs.com and WebMD, to investigate
creating a predictive model to automatically identify patient
satisfaction with OUD treatment medications. The data source
presents challenges for analysis because it is unstructured,
patient-generated text. We demonstrated how analysts can use
MetaMap to detect biomedical concepts alongside an NLP
rule-based algorithm and topic modeling (unsupervised NLP
algorithm) to detect patient satisfaction. Our analysis of feature
importance uncovered that the text alone as a baseline feature
isasignificant input variable to predict the output variable. This
is aigned with the results coming from integrating biomedical
concepts extracted from MetaM ap and topic models with other
features such asduration of treatment, which led to adding dlight

https://infodemiol ogy.jmir.org/2023/1/€37207

RenderX

that compared to other models, Elastic Net, a regularized
regression method, improved the most upon the addition of
biomedical features along with other features, which isin line
with Marafino et a’s[64] study on biomedical text classification
on nurses’ notes. The F-score ranged from 89.9 for the X GBoost
model to 90.8 for the Ridge classifier model, including the
baseline feature set. The AUC value ranged from 74.0 (random
forest) to 78.8 (logistic regression). When training modelswith
different machine-learning models, we manually considered
some alternative values for the models parameters, but this
resulted in no significant improvements. For instance, we
manually adjusted the number of iterations to the logistic
regression, Elastic Net, and LASSO models from 1000 to
50,000, but we noticed no significant change.

To the best of our knowledge, this study is the first to identify
the biomedical concepts from reviews of opioid medication
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treatments among patients who have been struggling with the
issue of OUD treatment and to predict patient satisfaction with
these medications. This is critical given previous research
showing theimportance of medicationsfor shaping experiences
with opioid dependency treatment [11].

This study aligns with the findings from other research, while
also underscoring the added value of analyzing reviews from
online health forums. Our study showed that patients who used
different forms of buprenorphine/naloxone (Suboxone) and
methadone for their OUD mentioned numerous symptoms,
which is in line with the findings of Perlogizzi et al [65] on
opioid withdrawal symptoms, who showed that these symptoms
are both a motivator for continuing opioid usage and a barrier
to stopping them [65]. Symptoms may also reflect side effects,
which are commonly ascertained in self-reported surveys of
medication satisfaction and volunteered during interviews and
focus groups [12,20]. Oral sensation when ingesting the
medication and frequency of doctors' visitsal so appear regularly
in patient reports of their experiences [12]. Notably, insurance
was reveadled as a topic appearing in the reviews, and words
related to this topic included the term “worry,” possibly
indicating concerns about having insurance to assist with
financial barriersto treatment. Approximately one-fifth of those
who experience opioid dependency lack health insurance
coverage, which increasestheir risk of forgoing treatment [20].
Insurance coverage and concerns about other financial barriers
arerarely considered in medi cation satisfaction scales, however,
which highlights the contributions of monitoring online health
forums to capture patient satisfaction more fully.

Limitations

This study has several limitations that may impact the results.
The reviews we incorporated may not reflect the viewpoints of
the population of patients with OUD fully because we only
collected reviews from two websites (WebMD and Drugs.com)
and we cannot determine the demographic or medical
background of the reviewers. Moreover, because we were
limited in only using the formal names of medications as
keywords, we may have missed more colloquial discourse that
refersto these using slang. Other platforms such as Twitter may
provide sufficient information to infer background
characteristics and capture more colloquia references to the
medications, but previous work found that such data were not
aswell-structured or relevant as review text [43].

By incorporating reviews from two different websites, this
imposed restrictions in how we structured and processed the
data. Because patient satisfaction was measured on one site on
a 5-point scale and measured on a 10-point scale in the second
site, we had to rescale the ratings to make them uniform (on a
scale from 1 to 5), which resulted in the loss of some
information. Besides the text of the review, we aso only had
one feature present in both websites (duration of treatment) to
use as one of the predictive model’s features. To further assist
in managing text from two different websites that may include
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a mix of biomedical and informal language, we used a
combination of NLP techniques. We used MetaMap, which is
useful for identifying biomedical concepts becauseit leverages
the UML Metathesaurus, but it may still fail in recognizing and
mapping a disease name effectively [66]. We also used topic
modeling but used it on the entire review, and each review may
contain different sentences with different sentiments and topics,
as people reflect on their lives before or during treatment.
Degspite these limitations, we achieved high accuracy, and the
resulting algorithm may still help address a complex crisis
entangled with public health aswell aswith socia and economic
welfare, especialy in thetreatment of pain, amajor health issue

[67].
Future Work

Based on the current methods of this study and the limitations
mentioned above, several future directions are suggested to
build on this research. Foremost, adding demographics such as
the gender of the reviewer and evaluating whether these interact
with treatment can play an essential rolein testing whether there
are demographic disparities in responses to opioid treatments.
Furthermore, future work could extend the analysis to explore
the relationship between online opioid treatment reviews by
patients and clinical notes by health care providers. In addition,
sentiment analysis could be performed and added as a feature
in addition to hidden topics. Moreover, applying advanced
filtering techniques to the reviews may improve retrieving text
more relevant to the subject of study and refining contextual
polarity to better grasp what aword or phraseimpliesinagiven
context. Lastly, word embeddings and deep-learning methods
are other suggestions for future work to investigate the
improvement in the model’s performance.

Conclusions

To address the need to more fully capture patients' experiences
with medicationsfor OUD treatments, this study used different
models and classifiers to predict patient satisfaction using
reviews from two online health forums. As a part of this
research, we performed topic modeling and found that patients
main concerns regarding OUD treatments are insurance,
anxiety/depression, doctor visits, and types of medications.
Insurance is a topic rarely covered in scales to measure
medication satisfaction during OUD treatments, despite one-fifth
of those with OUD lacking health insurance. We also found
that including treatment duration, hidden topics, and biomedical
concepts such as symptoms, drug names, and illnesses was
beneficial in developing some of the predictive models,
specifically the Elastic Net model, for this study. Despite the
data source comprising unstructured patient-generated text,
these methods showed that we could analyze patient reviews
and predict patient satisfaction with an opioid dependency with
an F-score of approximately 90%. Thisresult offersapromising
method for automatically extracting information from patients
comments on health care web forums.
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Abstract

Background: The proliferation of e-cigarette content on YouTube is concerning because of its possible effect on youth use
behaviors. YouTube has a personalized search and recommendation algorithm that derives attributes from a user’s profile, such
as age and sex. However, little is known about whether e-cigarette content is shown differently based on user characteristics.

Objective: The aim of this study wasto understand the influence of age and sex attributes of user profiles on e-cigarette—related
YouTube search results.

Methods: We created 16 fictitious YouTube profiles with ages of 16 and 24 years, sex (female and male), and ethnicity/race
to search for 18 e-cigarette—related search terms. We used unsupervised (k-means clustering and classification) and supervised
(graph convolutional network) machine learning and network analysis to characterize the variation in the search results of each
profile. We further examined whether user attributes may play arole in e-cigarette—related content exposure by using networks
and degree centrality.

Results:  We analyzed 4201 nonduplicate videos. Our k-means clustering suggested that the videos could be clustered into 3
categories. The graph convolutional network achieved high accuracy (0.72). Videos were classified based on content into 4
categories: product review (49.3%), health information (15.1%), instruction (26.9%), and other (8.5%). Underage users were
exposed mostly to instructional videos (37.5%), with some indication that more female 16-year-old profiles were exposed to this
content, while young adult age groups (24 years) were exposed mostly to product review videos (39.2%).

Conclusions:  Our results indicate that demographic attributes factor into YouTube's algorithmic systems in the context of
e-cigarette—related queries on YouTube. Specifically, differencesin the age and sex attributes of user profilesdo result in variance
in both the videos presented in YouTube search results as well as in the types of these videos. We find that underage profiles
were exposed to e-cigarette content despite YouTube's age-restriction policy that ostensibly prohibits certain e-cigarette content.
Greater enforcement of policiesto restrict youth access to e-cigarette content is needed.

(IMIR Infodemiology 2023;3:e42218) doi:10.2196/42218

KEYWORDS

electronic cigarettes; electronic nicotine delivery systems; ENDS; tobacco products; YouTube; social media; minority groups,
exposure; youth; behavior; user; machine learning; policy
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Introduction

Nicotine exposure through e-cigarettes, particularly during
adolescence, poses negative health outcomes such as brain
maldevelopment and subsequent substance use [1]. In 2022,
9.4% (representing 2,550,000 students) of US middle and high
school students reported using e-cigarettes in the past 30 days
[1]. e-Cigarettes are al so popular among adults (5.1% used them
in the past 30 days in 2020), but these are most often used by
young adults (15.6%) [2,3]. e-Cigarette use among adolescents
and young adults (referred to as “youth” from here onward)
may be driven, in part, by its heavy presence and positive
portrayal on social media[4,5]. Thereisaccumulating literature
documenting e-cigarette promotion on social media. e-Cigarettes
are portrayed on social media as fashionable, acceptable, and
cool [6]. There are also themesthat specifically appeal to youth,
such as cartoon-based images on Instagram [ 7] and vape tricks
(ie, blowing large vapor clouds or shapeslikerings) on YouTube
[8]. Studies have suggested that positive perceptions such as
e-cigarette use being socially acceptable is related to its use
among youth [9,10]. Studies have also shown that such positive
portrayals of e-cigarettes on social media platforms have
contributed to youth appeal and use behaviors[11]. For example,
Lee et al [12] used state-level population data and found that
the daily use of social media platforms, namely, Instagram,
Snapchat, Facebook, and Twitter, was associated with e-cigarette
use among adolescents, suggesting that youth may be exposed
to e-cigarette—related information on social media. Given the
high rate of socia media usage by youth [13] and the
unregulated environment [ 14], surveillance of e-cigarette-related
content on social media platforms is warranted.

Social media platforms custom-tailor content to user
characteristics[15]. However, these algorithms are proprietary,
and it is unclear how information regarding e-cigarettes is
featured to youth users. In this study, we examined how user
profile attributes (ie, age and sex) influence the e-cigarette
content being shown to youth users on YouTube—an online
video streaming social media platform that has more than 2
billion users and is viewed more than 1 billion hours/day [16].
Users can upload and watch videos on YouTube and interact
with other users by posting comments, reacting to videos
(like/didlike), sharing content, and subscribing to YouTube
channels. YouTube was the most frequently used social media
platform in 2021, with 81% of the social media users reporting
having used the platform [17]. Moreover, YouTube is the most
popular platform among youth [8].

e-Cigarette content is prolific on YouTube. For instance, Huang
et a [18] analyzed 28,000 e-cigarette—related YouTube videos
and found that those videos had received more than 100 million
views, indicating high engagement by users [18]. Further,
e-cigarettes are frequently positively portrayed on YouTube
and pro—e-cigarette videos are commonly sponsored by the
e-cigarette industry [19]; 85% of the e-cigarette—related videos
on YouTube are sponsored by e-cigarette marketers, including
e-cigarette companies or people endorsing e-cigarette companies
[20]. Pro—e-cigarette videos include portrayals of e-cigarettes
as safer, cleaner, and less malodorous than combustible
cigarettes [21]; videos showcasing or teaching how to conduct
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vape tricks (ie, using e-cigarettes to blow large, thick amounts
of exhaled aerosol or shapes) [8]; modification of e-cigarette
devices for unintended purposes such as increasing the
temperature and using other substances in it [19,22,23];
instructions on how to use e-cigarettes (eg, how to puff) [24];
product reviews[25]; and health information or misinformation
about e-cigarette use [26]. Concerningly, these e-cigarette
contents are readily available on YouTube without a warning
label/statement [27], and these videos are easily accessible to
youth [4]. In sum, there are abundant e-cigarette—rel ated videos
on YouTube. However, less known is specifically what content
youth are exposed to. All users do not receive the same results
when they search for the same terms on YouTube. This is
partially due to YouTube's personalized search and
recommendation algorithms, which consider, to some extent, a
user's age, sex, and the history of the searched items by that
specific user [28,29].

YouTube's search and recommendation algorithms are
responsible for creating personalized content for users from an
ever-growing collection of videos. Similar to other social
networks, YouTube has undergone a paradigm shift toward
using deep machine learning—systems based on artificial neural
networks—as a solution for scaling the systems used by
YouTube's search and recommendation algorithms [30].
However, the opague nature of the search and recommendation
algorithms poses questions concerning whether algorithmic
visibility can be evaluated. Search and recommendation
algorithms may be developed to take viewers demographic
profiles (eg, age, sex) as inputs in determining what search
results users receive. Therefore, YouTube's search and
recommendation algorithms have important public health
implications. For instance, males have consistently shown a
higher level of e-cigarette use among adolescents and adults
[31], and data suggest that e-cigarette—related videos such as
vape tricks videos mostly feature young men and seem to be
targeting this population [8]. A recent study identified that
e-cigarette content on YouTube contained themes related to
product reviews (provide reviews of e-cigarette products),
instructional videos (teach viewers how to use, modify, or create
e-cigarette products), health information (provide health
information related to e-cigarettes), vape tricks (feature different
vape tricks), cannabis (cannabis vaping—related topics), and
other (a variety of other themes such as news clips related to
e-cigarette use) [19]. However, less known is whether these
video themes are differentially exposed to users by their
demographic attributes. Such information isimportant toinform
tobacco regulatory actions in restricting marketing that targets
at-risk populations such as underage youth, and it can be used
to inform how prevention strategies such as countermarketing
can be targeted to these populations.

Methods

Overview

The goal of this study was to understand the role of the
demographic factors (ie, sex, age) of YouTube users profiles
ininfluencing the variationsin e-cigarette—related search results
presented to users. To accomplish this goal, we developed a
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3-step framework, which combined computational methodsand
human labeling (Figure 1). First, we used an unsupervised
machine |earning method, the k-means method, which used the
distribution of wordsinthe video data (i, titles and descriptions)
to cluster the videosinto themes. Human-labeled data setsusing
titles and descriptions of the YouTube videos were then used
to confirm the themes identified in our k-means clustering
results. Second, we used this human-labeled data set to train a
supervised machine learning method, that is, the graph
convolutional network (GCN), to classify all the videosin our
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data set based on their identified themes. Finally, we performed
unsupervised network analysisto measure how YouTube video
results varied by user attributes (ie, age and sex). We examined
whether there were differences in the video themes between
different age and sex profiles. The application of these machine
learning—based methodsis novel in tobacco regulatory science
work using social media data. Our approach is also scalable to
large volumes of data and can be extended to avariety of social
media platforms.

Figure 1. Overall framework of data collection, preprocessing, and analytics.

Retrieved 4201 unique videos from

querying the YouTube search engine

using 16 profiles, and their metadata
were saved to a database

Y

« Tokenization

Preprocessed video title and description

= Stop words, punctuation, and
capitalization removal
« Stemming and lemmatization

h 4 Y

Gender/age networks were
created using profiles as nodes
and videos as edges (Figure 2)

Video Classification using
Graph Convolutional
Networks based on titles and
descriptions (Figure 4,5)

Video Clustering based on
title and description (Figure 3)

Classification of videos for each
gender and age group
(Figure 5)

Ethical Considerations

This research is not deemed as human subjects research
according to the definition provided by the Office of Human
Research Protections, US Department of Health and Human
Services. We examined publicly available data, and we did not
report any identifying information of the content observed on
social media. Additionally, this observational study was deemed
exempt as human subjects research by the Yale Institutional
Review Board (HIC 2000028350).
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Classification of videos in
each cluster

Search Methods

We created 16 fictitious profiles on YouTube that sought to
vary and reflect particular demographic attributes (ie, age, sex,
and race) [32]. Profile photos were not added. To attempt to
reflect particular racial and ethnic attributes, we created profiles
by using common African American, Hispanic, and White first
and last names by using existing name data [33]. The profiles
consisted of African American females and males aged 16 and
24 years (4 profiles), Hispanic females and males aged 16 and
24 years (4 profiles), and 2 sets of White females and males
aged 16 and 24 years (8 profiles). We oversampled White users
to be more reflective of the e-cigarette use population. To create
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each fictitious profile on YouTube, we used a new SIM card
and phone number and performed afactory reset of an Android
phone. Sex and age were entered during each fictitious account
creation. No other demographic metadatawere included during
account creation. We used a mobile phone rather than a web
browser to conduct our searches to best replicate how youth
access YouTube content [13].

During the course of a week in June 2020, we collected data
for 2-3 profiles per day. Once we collected 140 videos per
profile per search term, wefactory reset the Android phone and
moved to the next profile. For each profile, the following
keywords were searched for each profile by using Orbot, a
mobile app that allows one to use an anonymized Tor bridge
(to avoid location or IP address personalization): box mods,
cigalikes, disposable e-cigs, disposables, disposable vape, e-cig,
e-cigarette, e-juice, electronic cigarette, e-liquid, ENDS, pod
mods, vape, vaping, vape juice, vape mods, vape pens, vape
pods. Studiestypically examine thefirst page [18,20,34] of the
search results on YouTube, which has 20 videos, or the first 2
pages, which has 40 videos. However, some users may search
through multiple pagesif they do not find what they arelooking
for in the first few pages. Thus, for each of our 16 fictitious
YouTube profiles, we searched through 7 pages (140 videos)
for each of our keywords (n=5875). This approach is therefore
far more aggressive than previous work [35]. After removing
duplicates (n=1674), we arrived at the final sample (N=4201)
of unique videos. We collected video metadata such as title,
description, transcript, view counts, likes/dislikes, comments,
date published, channel name, and category. The methods are
further explained in Dashtian et al [32].

Preprocessing Data

We converted the text into numerical form so that we can apply
machinelearning a gorithms such as clustering and classification
tothe data. The preprocessing stepsincluded tokenization, stop
words removal, stemming, and lemmatization. Tokenization is
the process of splitting a set of texts into words (also called
tokens) and then removing certain characters such as blank
sequences and punctuation. Stop words are usually frequent in
English text (eg, a, an, the, that, I, be, other, with). The goal of
both stemming and lemmatization is to find the base form of a
word from its inflectional forms and derivatives (eg, vaped,
vaping have a base of vape). We used Porter stemmer, an
algorithm which has been successfully used by others for the
stemming of health-related texts for machinelearning purposes
[36].

Video Clustering (Unsupervised Machine L earning)

K-means automatically arranges texts into clusters such that
text datawithin clustersarerelatively similar in terms of content
when compared to text data in other clusters [37]. Another
health-related work [38] has successfully used the k-means
clustering algorithm for automated text classification. We
therefore chose to use k-meansto categorize video types. In our
case, the input to the k-means clustering is preprocessed text
(video title and the description provided by the uploader to
describe the video). We used the elbow method to find the
optimum valuefor the number of clusters (k). The elbow method
provides a good indication that the underlying model and
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number of (k) fits best at that point and has been successfully
used in other health-related machine learning studies [39]. We
examined the results visually to discern the point at which
diminishing returns are observed (ie, an elbow appears).
K-means seeks to cluster around optimal centroids (ie, cluster
centers). The best placement of initial centroid positions is a
standard method for maximizing the k-means clustering process.
To avoid any hias, we randomly selected initial centroids and
iterated the algorithm several times for each k to confirm that
the initial centroids do not change our optimized clustering
results. We measured cosine similarity to generate a measure
of similarity between each video and the other videos in the
search results. Cosine similarity is a measure mostly used for
k-means clustering of text documents. The distance matrix was
then converted into a 2D array by using multidimensional
scaling.

Video Classification (Human L abeling)

Members of the research team with expertise in e-cigarettes
randomly selected videos from the full corpus of the collected
videos (n=1000) [19] and labeled the videos by the following
classes: (1) product review (ie, an individual(s) providing a
review of an e-cigarette product), (2) heath information (ie,
health information related to e-cigarette use), (3) instructional
(ie, atutoria on how to use an e-cigarette or how to modify an
e-cigarette), and (4) other (which consists of a variety of other
themes, including cannabis, television/news clips, vape tricks).
Interrater reliability (Cohen k) was 0.93, indicating “amost
perfect” agreement between coders. These categorieswere used
in previous research [32]. Please refer to Kong et a [19] for
more information on how these themes were determined and
labeled.

Text Classification Using GCNs (Supervised M achine
L earning)

We used GCN, which isasupervised machinelearning method,
to classify data (ie, titles and descriptions) by theme to better
understand the unique clusters identified through k-means
clustering. In GCN, word frequency and word co-occurrence
information are used to build the word-to-word and
word-to-video edges (ie, a common videos between pairs),
respectively. We also classified the nodes (ie, entities in the
network) instead of the actual videos. The entitiesin the network
represented just the nodes in the graph. These do not refer to
the themes. GCN has shown strong performance for
classification with asmall portion of labeled datasimilar to the
data used in our study [40].

To model the global word co-occurrence, we built a large
2-mode graph (ie, 2 types of nodes). Our graph contains word
nodes (which represent single words) and document nodes
(which represent whole documents with many words). See
Multimedia Appendix 1 for avisua rendering of therelationship
between the document nodes and word nodes. Specifically, the
first mode of nodes consists of words and the second mode of
nodes consists of documents with titles and descriptions (ie,
with many words). One document represents 1 video (title and
description together). Document nodes and word nodes are
interconnected and intraconnected. The number of nodesin the
text graph |V| is the number of documents (document nodes)
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plusthe number of uniquewordsin the documents (word nodes).
We set feature matrix X =1 as an identity matrix, which means
every word or document is represented as a 1-hot vector asinput
to text GCN. One-hot encoding converts categorical data into
binary values suitable for machine learning algorithms. We
build edges (ie, connections) between nodes based on word
occurrence in documents (document-word edges) and word
co-occurrence in the whole corpus (word-word edges). The
weight of the edge between a document node and aword node
is the term frequency-inverse document frequency of the word
in the document. Term frequency is the number of times the
word appearsin the document, and inverse document frequency
is the logarithmically scaled inverse fraction of the number of
documents that contain the word. After performing clustering
and classification on preprocessed data, we calculated the
percentage of each video type (derived from classification) in
each category (derived from clustering).

Profiles Networ k

The frequency of common videos between different ages and
sexes can be used as a measure to quantify the strength of the
rel ationshi ps between these variabl es. For example, the overlap
of videos among the same sex and age profiles can be used to
discern whether userswith these attributes (eg, both femaleand
male, adolescents or young adults) receive similar information
from YouTube's search engine. Furthermore, the connections
between nodes in a network provide information about the
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structure of the network. We can aso use the number of
connections of a node in each demographic group to identify
the most influential nodes in the network. Specifically, the
network of 4 demographic groups can be represented as nodes
with their edges representing common videos between pairs of
groups. To show the connections, we plotted a line between
two groups and calculated the number of common videos
between them. Lineswith alarger val ue represent more common
videos between a pair than lines with smaller values. We
assessed 2 separate networks: one with common videos between
age and sex and another that assessed a combination of the two.

Results

Video Clustering (Unsupervised Machine L earning)

To better understand which content shows up for different
demographic profiles, we identified the types of videosin our
data set by using k-means to cluster videos. Figures 2A and B
illustrate the video clusters as 3 clusters and 4 clusters,
respectively. Theformer had 3 distinct topical clusters, whereas
the latter had 3 distinct topical clusters and 1 diffuse cluster
(that likely represents the “other” content cluster). The elbow
method indicated that the plateau (ie, the first stable k valuein
the sum of squared distances) is at k=3 (Figure 2C). In some
cases, the elbow method has ambiguity [41]. However, in our
case, we had a clear result that videos can be automatically
clustered into 3 main clusters.
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Figure2. Eachdotin (A)/(B) indicates a video and each color represents a cluster. (A) Videos categorized into 3 clusters. (B) Videos categorized into
4 clusters. (C) Elbow method results, which show the sum of the squared distances as a function of the number of clusters (k).
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Video Classification (Human L abeling)

Human labeling identified 3 distinct classes: (1) product reviews,
(2) instructional, and (3) health information. We also included
afourth catchall class of “others’ for any videosthat did not fit
into the other 3 distinct classes. Product reviews are videos that
provide reviews of e-cigarette products, instructional videos
provide instructions on how to use/modify/create e-cigarette
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products, health information videos provide information on the
health risk of e-cigarettes, and other videos are topics that do
not fall into these 3 classes and include a range of topics such
as cannabis and vape tricks. We found that GCN was able to
successfully classify videos based on these 3 distinct classes as
well as a separate “other” class. Overall, product review was
the most common type of videos identified (49.3%), followed
by instructional (26.9%), health information (15.1%), and other
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(eg, cannabis, television/news clip) (8.5%). We further estimated
the prevalence of each video type exposure by demographic
attributes (Figure 3). For al demographic groups, except the
16-year-old group, product review videos showed the highest
percentage in the search results, followed by instructional
videos. Instructional videos showed the highest percentage in
the search results of 16-year-old students. We estimated the
prevalence of video themes separated by age and sex (Figure

Murthy et al

4). The product review label was the dominant class for
24-year-old male (39.4%) and 24-year-old female (38%)
profiles. Instructional videos showed the highest percentage in
the search results of 16-year-old femal e (42.5%) and 16-year-old
male (30.9%) profiles; notably, the 16-year-old female profile
had the highest percentage of search results for this label. All
profiles were least exposed to health information videos.

Figure 3. Prevalence of video type shown, split by demographic variables. The percentage of each label (class) is shown based on the results from

graph convolutional networks. TV: television.
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Text Classification Using GCNs (Supervised M achine
L earning)

We used text classification using GCN, a supervised machine
learning technique, to classify the text of video titles and
description into human-labeled classes (ie, product review,
health information, instructional, other). We found that the
accuracy of the GCN mode for the classification of
e-cigarette—related YouTube videosis 0.72 for the parameters
that we set. The precision, recall, and F1-score valueswere 0.70,
0.78, and 0.74, respectively.

Profiles Networ k

The connections between the profile groups based on the
common videos that were retrieved from the YouTube search
are shown in Figure 5. The number of common edges between
16-year-old and 24-year-old pairs was the lowest among the
other pairs. Asshown in Figure 5A, the connection between the
nodes of 24 years old and male is very strong, as indicated by

Murthy et al

the edge weight of n=2407 (ie, the number of common videos).
We also constructed another network by using a combination
of age and sex. The videos of all the profiles were grouped into
4 subsets: 24-year-old male, 16-year-old male, 24-year-old
female, and 16-year-old female. Similar to that in the previous
network, each node in the network represents one of these
groups, and common videos between pairs of groups are shown
as an edge. Compared to the previous network (Figure 5A), the
network of combined age and sex (Figure 5B) had fewer edges
(connections). When we examined the network of age and sex
together, we imposed further restrictions on the videos that
belonged to a specific node. Thus, the number of videos and
therefore, the number of connections between nodes in the
network of age and sex was smaller than that of age or sex alone.
Figure 5B shows that 24-year-old male and 24-year-old female
profiles have the highest humber of common edges, while
16-year-old mae and 16-year-old female profiles have the
lowest number of common edges.

Figure5. Network of demographic attributes and videos. Edge weights are provided next to the edge line between 2 pairs, and these edge weight values
indicate the number of common videos between 2 corresponding nodes (ie, between the demographic attributes of sex and age).
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Discussion

Principal Findings

In this study, we examined how YouTube profile attributes,
specifically age and sex, affected e-cigarette—related YouTube
search results. Our profile network analysisindicated that there
were more common videos between mae and female
24-year-old profiles relative to other demographic groupings.
Using our own human-labeled data, we developed a GCN
machinelearning model that was ableto classify thevideosinto
4 main classes. We found that the highest proportion of younger
age groups (16 years old) was exposed to instructional videos
(37.5%), while the highest proportion of young adult age groups
(24 years old) were exposed to product review videos (39.2%).
Additionally, the group with the highest proportion of exposure
toinstructional videoswas 16-year-old femalesrelative to other
age/sex pairs. Our findings are consistent with prior studiesthat
observed that common video themes related to e-cigarettes on
YouTubewere product reviews and instructional videos on how
to use/modify/create videos [8,19,22,25]. However, our results
uniquely contribute to the literature by demonstrating that
demographic attributes factor into YouTube's algorithmic
systemsin how video themes are differentially shown to profiles
with different age/gender attributes.

It is unclear what drives the differences in exposure to
e-cigarette content and the volume of this content among
different demographic profiles. Previous studies have shown
that age and sex affect the results delivered in search engines
(eg, Google) [15]. Our findings are consistent with other
research that indicate that YouTube also may use demographic
information to provide the most relevant information to users
[29]. Specifically, Hussein et a [29] found that once a user
develops a watch history in the YouTube search engine, the
demographic attributes do affect the extent of content
recommended to them. However, in this study, we used the
same search words between each profile and used a mobile
phone that was factory reset after each profile’s searches were
conducted to prevent tailoring of search results. It is therefore
unlikely that these factors account for differences in exposure
to e-cigarette content. It appearsthat YouTube's search engines
and recommendation algorithmsare driven by the demographic
factors of its users. Personalization of search engines, where
individual users receive distinct results for the same search
guery, hasalso led to public concerns about the so-called “filter
bubble’ effects [42], where users are unable to access diverse
information that a search engine'sagorithm decidesisirrelevant
toauser [43]. Our resultsindicate that there might be differences
in thetype of exposure specific to e-cigarettes that are provided
to different demographic groups. We further break down these
differencesin terms of age and sex attributes.

Our network of search results, which shows the influence of
age and sex on search results, indicates anoteworthy difference
between the number of edges (common videos) for various pairs
of nodes (common videos between 2 groups) in the network,
including male/femal e and 16-year-old and 24-year-old profiles.
For example, the videos common to both 16-year-old and
24-year-old groups are the lowest. However, the second network

https://infodemiology.jmir.org/2023/1/e42218

Murthy et al

analysis showed that 24-year-old male group and 24-year-old
female group pairs have the highest number of common videos.
Thereisagreater number of edges between the male group and
24-year-old group than between the femal e and the 24-year-old
group, indicating that males and 24-year-old groups have more
common videos than females and 24-year-old groups. These
results indicate that 24-year-old profiles are most exposed to
e-cigarette content, and this exposure is greater among
24-year-old male groups compared to their female counterparts.

Our finding that e-cigarette content is mostly availableto male
young adult groups is consistent with research findings that
show that e-cigarette—related videos on YouTube feature more
males. For instance, an examination of vape tricks on YouTube
showed that 80% of the vape tricks videos featured young adult
males [8]. There is also research showing that males are more
engaged with YouTube content than females. Khan [44] found
that male users are more likely to read comments on YouTube;
Molyneaux et al [45] found that there was a greater number of
comments posted by male users. Perhaps, the high engagement
of males on social mediaplatforms such as YouTube can explain
the higher e-cigarette use rates among males. A review on
e-cigarette use behaviors among adolescents showed that
e-cigarettes are used more by male adolescents than by female
adolescents [46], and national data also show that e-cigarette
use is higher among male adolescents and young adults [47].
However, it is important to also highlight that e-cigarette use
among females is also high: up to 20% of females in middle
and high school surveyed in a study in 2020 were found to use
e-cigarettes [47]. It is possible that females are engaging with
e-cigarette—related social media content but doing so differently
from males. For instance, there was no difference between males
and females in viewing YouTube videos [44] or in the rating
of YouTube videos [45], suggesting that females are engaging
with YouTube content similarly as males.

The lower number of e-cigaretterelated videos shown to
16-year-old profiles than 24-year-old profiles may be due, in
part, to the age-restriction process of e-cigarette—related content
by YouTube. YouTube's current policy prohibitstobacco-rel ated
advertisements. YouTube considers content that “promotes a
product that contains drugs, nicotine ...” as age-restricted
content [16]. They exemplified “a video reviewing brands of
nicotine e-liquid” asan example of age-restricted content. This
rule may explain why we observed more product review videos
in the 24-year-old group (39.2%) compared to those in the
16-year-old group (28.8%). This finding also suggests that
despite these self-imposed limits on e-cigarette promotional
content on YouTube, there is evidence that these restrictions
may beloosely implemented and content that are restricted may
be shown to underage minors on this and other socia media
platforms [14,19,48]. It is noteworthy that in our study, the
16-year-old profileswere exposed to e-cigarette content despite
YouTube's agerestriction policy that prohibits certain
e-cigarette content such as product reviews. This finding is
consistent with that in other studies that found that e-cigarette
content such as vape tricks were readily available using
non—age-verified accounts [8]. This study highlights the
importance of strong policies and the enforcement of these
policies to prohibit the exposure of e-cigarette—related videos
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to youth on YouTube. This finding also suggests that young
adults are the highest consumers of e-cigarettes among adults
[49]; they may search for more information about e-cigarette
products to purchase through product reviews.

Concerningly, the instruction label was observed in the highest
percentage (37.5%) of search results of the 16-year-old group,
and exposureto instructional videos among 16-year-old female
profileswas particularly high (42.5%), suggesting that underage
youth are more exposed to instructional videos, which may
providetutorials on e-cigarette use. Further, instructional videos
include other content such as how to hack or modify the device
to usefor unintended purpose aswell asto use cannabis[22,23].
The high prevalence of modification of e-cigarette content on
YouTube has been shown in other studies. For instance, Massey
et al [23] analyzed 168 e-cigarette—related YouTube videos and
found that 20.2% of the videos were modifications of e-liquids
to using cannabis. Future studies should identify whether youth
modify/hack e-cigarettes and the health implications of engaging
in such behaviors.

FutureWork and Limitations

Several limitationsin this study are noteworthy. First, we might
have missed potential search terms related to e-cigarettes. For
example, these may include brand-specific terms (eg, Juuling)
and e-cigarette use—related slang (eg, stick). Thus, our collected
videos may not represent an exhaustivelist of e-cigarette—related
videos. However, our study uses 18 e-cigarette—related search
terms that were successfully tested and used to collect a broad
range of e-cigarette—related YouTube videos[32]. Second, due
to alimited number of fictitious profiles, our findings do have
limits in terms of generalizability. Third, we included
race/ethnicity as an element when creating profiles (ie, White,
African American, and Hispanic) to be inclusive of diverse
racial backgrounds. The first and last names of each profile
were randomly selected by choosing names from existing data
sets that were shown to be most commonly associated with a
specific race/ethnicity [33,50]. However, aswe created alimited
number of fictitious profiles, we did not have enough data points
for each race/ethnicity to incorporate machine learning to
determine whether search results differed by race/ethnicity.
Fourth, we only used 2 age groups (ie, 16 and 24 years), and it
is possible that the search results may be different if younger
or older age groupswere used. Futureresearch should therefore
place an emphasis on ng whether race/ethnicity as well
asother factors (eg, viewing history, age) has an effect on search
results related to e-cigarettes on YouTube. Fifth, anonymous
Tor-based | P addresses may have influenced our search results;
therefore, results may differ if searches were to be conducted
using nonanonymized | P addresses. There may be other factors
that may drive results, such as the date/time of searches aswell
as what content is popular on YouTube at a given time. Sixth,
we cannot confirm how, whether, or to what extent YouTube's
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personalized search parameters read the demographic attributes
(ie, age, sex, and race) that we populated our fictitious profiles
with because the algorithm is proprietary. However, we used a
factory-reset Android device without any search history or
cookies to avoid any implicit bias in the results. The searches
were conducted using the same terms to ensure that the
differences between profiles, from our vantage point, are only
the demographic characteristics. Nevertheless, as we only used
search results collected from a mobile device, future work can
explore whether web-based results are different. Seventh, we
applied our methods, that is, natural language processing, video
classification, and network modeling to only asingle platform,
that is, YouTube. Future studies would therefore benefit from
extending our methodol ogical framework to other social media
platforms. Eighth, given that after we collected 140 videos per
profile per search term, we factory reset our phone and moved
to the next profile; our approach does not emulate or reflect the
high levels of personalization that a user who uses YouTube
everyday might experience. Future studies would therefore
benefit by comparing our results from collecting data from
YouTubein 1 setting with fictitious profile data collection done
over alonger period and with some levels of variation. Ninth,
we did not undertake statistical tests comparing the proportions
of content classification by profile demographics nor were we
able to determine how each theme was manifested by
demographic attributes (eg, was health information present more
for male profilesthan female profiles?). Future work could make
these comparisons based on the classes identified by the GCN
analysis and determine how and why content themes vary by
different profile attributes. Lastly, as we did not have a control
group in our data collection methods, future work would benefit
from the use of a control group and the examination of some
of these variables.

Conclusion

Our findings underscore the val ue of machinelearning methods
in studying how profile attributes on YouTube may influence
e-cigarette—related content and move the field forward by
highlighting the critical need to take into consideration how
social mediaagorithmswork in practice. We used unsupervised
(k-means clustering) and supervised (GCN classification)
machine learning models in combination with network models
to study the variation of e-cigarette—related videoson YouTube.
Our methods were designed to specificaly identify the
similarities and differences in the videos by using selected
demographic attributes, that is, age and sex. Collectively, our
results suggest that advanced computational methods can be
used to help understand how YouTube's current search and
recommendation algorithm customizes e-cigarette-related
content based on demographic attributes such as sex and age.
This suggests an urgent need for surveillance and prohibition
of e-cigarette—related content on social media such as YouTube
to prevent e-cigarette use among youth.
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Abstract

Background: Burnout and the mental health burden of the COVID-19 pandemic have disproportionately impacted health care
workers. The links between state policies, federal regulations, COVID-19 case counts, strains on health care systems, and the
mental health of health care workers continueto evolve. The language used by state and federal legislatorsin public-facing venues
such as social media is important, as it impacts public opinion and behavior, and it aso reflects current policy-leader opinions
and planned legidlation.

Objective: The objective of this study was to examine legislators’ social media content on Twitter and Facebook throughout
the COVID-19 pandemic to thematically characterize policy makers' attitudes and perspectives related to mental health and
burnout in the health care workforce.

Methods: Legidators' socia media posts about mental health and burnout in the health care workforce were collected from
January 2020 to November 2021 using Quorum, a digital database of policy-related documents. The total number of relevant
social mediaposts per state legislator per calendar month was cal culated and compared with COVID-19 case volume. Differences
between themes expressed in Democratic and Republican posts were estimated using the Pearson chi-square test. Words within
social media posts most associated with each political party were determined. Machine-learning was used to evaluate naturally
occurring themes in the burnout- and mental health—related social media posts.

Results: A total of 4165 social media posts (1400 tweets and 2765 Facebook posts) were generated by 2047 unique state and
federal legidators and 38 government entities. The majority of posts (n=2319, 55.68%) were generated by Democrats, followed
by Republicans (n=1600, 40.34%). Among both parties, the volume of burnout-related posts was greatest during the initial
COVID-19 surge. However, there was significant variation in the themes expressed by the 2 major political parties. Themes most
correlated with Democratic posts were (1) frontline care and burnout, (2) vaccines, (3) COVID-19 outbreaks, and (4) mental
health services. Themes most correlated with Republican social media posts were (1) legislation, (2) call for local action, (3)
government support, and (4) health care worker testing and mental health.
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Conclusions: State and federal legislators use social mediato share opinions and thoughts on key topics, including burnout and
mental health strain among health care workers. Variationsin the volume of postsindicated that afocus on burnout and the mental
health of the health care workforce existed early in the pandemic but has waned. Significant differences emerged in the content
posted by the 2 major US political parties, underscoring how each prioritized different aspects of the crisis.

(JMIR Infodemiology 2023;3:€38676) doi:10.2196/38676

KEYWORDS

burnout; wellness; mental health; social media; policy; health care workforce; COVID-19; infodemiology; healthcare worker;
mental well-being; psychological distress; Twitter; content analysis, thematic analysis; policy maker; healthcare workforce;

legidlator

Introduction

Health care workers have been disproportionately affected by
burnout and mental health symptoms, including depression and
anxiety [1-3]. The COVID-19 pandemic has exacerbated mental
health symptoms, disorders, and burnout across the workforce
[4-14]. Health care workers continue to experience rapid shifts
in case volume, critical supply shortages (eg, of personal
protective equipment), vaccination rates, death rates, and public
health measures [12,15-17]. The emotions and mental health
symptoms experienced by workers continue to fluctuate
dramatically [14,17,18]. Depression, anxiety, and burnout
continue to rise at alarming rates across the health care
workforce [19] and have public-facing consequences, such as
worse patient outcomes and higher costs [20,21].

State and federal policy responses to the pandemic continue to
change across the nation [22,23]. These policy changes have
been debated in the public forum by health experts, physicians,
and politicians [24]. The link between these policies and case
count may lead to hospital-based capacity strain and impact the
mental health of the workforce. Ultimately, state COVID-19
policies and political trends are shaping national legislation.
For exampl e, President Joe Biden recently signed the Dr. Lorna
Breen Health Care Provider Protection Act, inspired by Dr
Breen’sdeath by suicide from the strain of providing care during
the COVID-19 pandemic. Thisreflects how national legislators
are starting to recogni ze the urgent need for improved behavioral
health among health care providers.

Social media provides state and federal legislators the
opportunity to directly communicate health-related
information—including mental health information—to the public
and to gauge public interest in atopic [25]. A recent systematic
review identified that Twitter can be used to promote public
health in 6 main ways, including analysis of shared content and
public engagement [26], ultimately informing how governments
and health care organizations shape appropriate responses to
the COVID-19 pandemic [27]. Socia media has also been
analyzed to provide insights about the mental health of the
genera public during the COVID-19 pandemic [28].

The content and language used by state legislators in
public-facing venues such as social mediareflect their opinions
and priorities [23,24,29]. Legislators social media posts may
also signal attention toward legislation and policy engagement
inreal time, in addition to their priorities[29-31]. Understanding
what policy makers and legislators are saying in these forums

https://infodemiol ogy.jmir.org/2023/1/e38676

is also important, as they have influence over public opinion
and impact behavior [32,33]. This may be of particular interest
during the COVID-19 pandemic, as US| egis ators connect with
their constituents and influence behaviorsrelated to COVID-19
prevention, safety, and exposure [33,34].

Asburnout and mental health symptomsincrease among health
care workers, the support and opinions of legislators displayed
on social mediaare aso important in understanding the message
being relayed to the public. Legislatorsinteract on social media
broadly, to a greater extent than they share legislative votes or
cosponsorship [35]. The growing body of social mediaexposure
on platforms such as Twitter and Facebook between legislators
and the general public creates arepository of political opinion
and indicators of key policy shifts and messaging. Further, prior
studies have found differencesreflect agrowing divide between
Republican and Democratic legislators priorities regarding
COVID-19 palicies[34,36] and, overall, more partisanship than
cosponsorship among online interactions between legislators
[35]. However, no studies, to our knowledge, have examined
possible differences in the views legislators have expressed
online regarding the mental health and burnout of the health
care workforce.

The objective of this study was to examine state and federal
legislators social media posts on Twitter and Facebook
throughout the COV1D-19 pandemic to identify and understand
themes related to mental health and burnout of the health care
workforce and look for indicators of temporal shiftsin political
priorities regarding mental health. Specifically, we sought to
describe variationsin content over time, differencesin language
and sentiment used across parties, and party-specific theme
prevalence. This content is important to analyze in order to
understand the public discourse, opinions of the legislature, and
the overall response from legislators to burnout and the mental
health of the health care workforce.

Methods

Data Source

We identified state legislators' Facebook and Twitter posts
related to mental health and burnout in the health care workforce
from January 2020 to November 2021 using Quorum (Quorum
Analytics) [37], asoftware platform that collects policy-related
documents, including social media content, from politicians
during their time in office. For context, there are about 7312
state legislators [38] and 600 federal legislators [39] in the
United States. Posts from all members of the upper and lower
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houses, as applicable, of the 50 US state legislature with 1 or
more terms from each of the following keyword groups were
selected for anaysis: [“healthcare worker,” “doctor,”
“physician,” “nurse’] AND [“wellness,” “wellbeing,” “ burnout,”

“resilience,” “compassion,” “fatigue,” “depression,” “suicide,”
“mental health,” “anxiety,” “sad,” “depressed,” *“stress

“stressed,” “tired,” “frustrated,” “frustration”]. Of note, the 4
keywords in the first string of search terms were carefully
selected by the research team to capture the health care workers
perceived to be most discussed by legislators online and were
not inclusive of all frontline workers. Retweets and other posts
duplicating the content of another user were also included in
the analysis, as these posts indicate the significance of the
original content and intent to propagate to a larger audience.
This study was conducted in partnership with the
Research-to-Policy Collaboration, which is affiliated with
Pennsylvania State University's Edna Bennett Pierce Prevention
Research Center.

Descriptive Analysis

Summary statistics were used to describe the volume of relevant
burnout-rel ated posts on each social mediaplatform and across
parties and legislative bodies. The monthly volume of social
media posts related to mental health and burnout between
January 2020 and November 2021, stratified by social media
platform and political party, was compared with monthly
COVID-19 case volume during the same time period.
Differences between themes expressed in Democratic and
Republican posts were estimated using the Pearson chi-square
test. Themes expressed by legislators with independent or
unknown affiliations were excluded from the analyses and
assessments due to small sample size. Likewise, social media
posts from government entities (rather than individual
legidlators) were excluded from the analyses dueto small sample
size.

Natural L anguage Processing

Preprocessing

Post text was converted to lowercase, extraneous white space
was stripped, and link URLS, email addresses, user mentions,
hashtags, and stop wordswere removed. Remaining termswere
lemmatized to group-inflected forms with the same word stem,
and the relative frequency of single words and phrases was
extracted to build a baseline set of language features (rows
indicated posts, and columnsindicated word/phrase frequency),
from which the top 50 most frequent words posted by
Republicans and Democrats were identified. These methods
have been used in prior work characterizing legislator discourse
on social media[36,40,41].

Theme Modeling

We applied latent Dirichlet allocation (LDA), an unsupervised
clustering algorithm, to the baseline set of language featuresto
identify 20 data-driven word clusters (ie, topics) and constructed
atopic feature set (rowsindicated posts, and columnsindicated
topic prevalence); L DA assumesthat posts have asmall number
of topics (ie, themes) and that topics are composed of groups
of frequently co-occurring words and phrases across posts
[42,43]. The topic model was trained using the Machine
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Learning for Language Toolkit 2.0[44], and the optimal number
of themeswas selected viaanalysis of model coherence scores,
visual inspection of topic separation with principal component
analysis, and manual evaluation of topic interpretability.

Topic features were correlated (Pearson r) with political party
(coded as a binary variable, where 0 indicated a Democratic
post and 1 indicated a Republican post) to further distinguish
linguistic differences across political parties in social media
posts about mental health and burnout in the health care
workforce. Significant correlations with a
Benjamini-Hochberg—corrected P value of <.001 and their 95%
Cls are reported. Authors AKA and MPA independently
evaluated each topic for thematic meaning by reviewing the 10
wordsand 10 socia mediaposts most associated with each topic
[45,46].

Sentiment

We applied the Valence Aware Dictionary and Sentiment
Reasoner (VADER) [47], a lexicon and rule-based sentiment
analysistool that is specifically attuned to sentiments expressed
in social media, to the basgline set of language features to
identify weekly changes in post sentiment over time across
political parties. Post sentiment scores were calculated as the
mean sentence sentiment in each post (as suggested in the
VADER documentation), and weekly sentiment scores were
calculated as the mean post sentiment for all postsin a given
week stratified by party. Sentiment data were visualized via
weekly sentiment means overlaid with the exponentialy
weighted mean of weekly sentiment means. This was repeated
to identify monthly changes in sentiment.

All statistical analyses were performed using Python (version
3.7.7).

Ethical Considerations

This study is exempt from ethical review under University of
Pennsylvania Institutional Review Board guidelines, as it does
not meet the criteria for human-subject research and utilizes
publicly available social media posts.

Results

The search criteria resulted in 4165 health care workforce
burnout—related social media posts, including 1400 tweets and
2765 Facebook posts, that met the inclusion criteria (Table 1).

These posts were generated by 2047 unique social media
accounts, consisting of 2009 state and federal legislator accounts
(1257 Facebook accounts and 752 Twitter accounts owned by
1685 unique individuals) and 38 government entity accounts,
such as state health departments (n=38 Twitter accounts). The
majority of the social media posts (2319/4165, 55.68%) were
generated by Democrats. Republicans were responsible for
40.34% (1600/4165) of health care—associated burnout-related
social mediapostsand all other |legislatorswere responsible for
3.58% of posts (166/4165). The most common legislators were
representatives (2139/4165, 51.36%) followed by senators
(1259/4165, 29.52%). The mean word count was 43.47 (SD
18.87) words for Twitter posts and 422.72 (SD 277.15) words
for Facebook posts. Variation in volume of posts generated
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varied over time, with the majority occurring during the initial
surge (Figure 1). This general waning of the volume of
burnout-related posts as the pandemic progressed was similar
among legislators from both major political parties.

Notable differences were observed between platform use and
political party affiliation. Democrats made the majority of
Twitter posts (1033/1400, 73.79%) and Republicans made the
dight majority of Facebook posts (1425/2765, 51.54%).
Additionally, there were notable geographic differences along
party lines in the volume of Facebook posts, with Democrats
posting more often than Republicans in the Northeast (n=505
vsn=378), and Republicans posting more often from the South
(n=727 vs n=418) and Midwest (n=246 vs n=91). However,
these regional differences may partially reflect differences in
the size and partisan composition of state legislatures across
these geographies.

Thematic content generated from the natural-language
processing and LDA approaches revedled varying content
themes between the 2 major political parties (Figures 2 and 3).

The top 4 themes from socia media posts most significantly
correlated with the Democratic Party were (1) frontline care
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and burnout, (2) vaccines, (3) COVID outbreaks, and (4) mental
health services. Thetop 4 themes associated with the Republican
Party social media posts were (1) legidlation, (2) call for local
action, (3) government support, and (4) health care worker
testing and mental health. Table 2 shows themes, words, and
correlation strength with party.

Figures 4 and 5 show word clouds for each of the top 4 themes
across party affiliation. Full post content and the list of themes
are available in Multimedia Appendix 1, Table S1.

Sentence-level sentiment analyses also revealed differential
sentiment patterns by political party throughout the timeline of
the study (Multimedia Appendix 1, Figure S1A). The mean
monthly post sentiment analysis found that both parties' posts
remained within the dightly positive to positive sentiment range
when mean sentiment scores were averaged per month and
exponentially weighted. However, the more granular weekly
post sentiment analysis by party revealed that during most spikes
in COVID-19 case counts, the weekly exponentially weighted
mean sentiment scores of Democratic posts more often entered
the neutral or negative range compared to Republican posts
(Multimedia Appendix 1, Figure S1B).
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Table 1. Characteristics of social media posts.

Characteristic Twitter (n=1400), n (%) Facebook (n=2765), n (%)
Party
Democratic 1033 (73.79) 1286 (46.51)
Republican 255 (18.21) 1425 (51.54)
Independent 5(0.36) 3(0.11)
Unknown 107 (7.64) 51(1.84)
Region?
Northeast 445 (31.79) 897 (32.64)
South 365 (26.07) 1170 (42.58)
Midwest 285 (20.36) 446 (16.23)
West 304 (21.71) 235 (8.55)
Status
Current 1338 (95.57) 2535 (91.68)
Designate 1(0.07) 3(0.12)
Former 61 (4.36) 227 (8.21)

Government title?

Representative 623 (22.53) 1516 (54.83)
Senator 439 (15.88) 820 (29.66)
Assembly 115 (4.16) 158 (5.71)
Delegate 54 (1.95) 118 (4.27)
Governor 54 (1.95) 73(2.64)
Speaker 9(0.33) 40 (1.45)
Member 0(0) 14 (0.51)
Other 18 (0.65) 26 (0.94)

3posts from Guam, the Virgin Islands, and the Northern Mariana Islands were not included.
bPosts from government entities (n=88 Twitter posts) were not included.
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Figure1l. COVID-19 case counts and volume of social media posts by party over time. D: Democratic; |: independent; R: Republican; U: unknown.
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Figure 2. Words most frequently used in Democratic social media posts.
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Figure 3. Words most frequently used in Republican social media posts.
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Table 2. Themes associated with Democratic or Republican posts.
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Theme

Top words

Pearsonr (95% CI)

Themes associated with Democr atic posts

Frontline care burnout and  worker, nurse, healthcare, work, doctor, community, fight, stress, pandemic, frontline, _g 26152 (~0.31 t0 -0.21)

stress first_responder, social, tired, year, life, month, support, serve, front_line, proud

Vaccine vaccine, call, covid, vaccination, receive, week, information, vaccinate, appointment, _g 12782 (~0,18 to -0.08)
online, local, office, meal, website, free, visit, find, pm, question, age

COVID outbresks county, people, governor, test, work, state, back, continue, school, number, outbresk, g 1118 (~0.16 to -0.06)
rate, testing, day, make, positive, move, system, good, ot

Mental health services health, mental, care, service, access, support, patient, provider, treatment, physician, _g 11022 (-0.16 to —0.06)
professional, insurance, crisis, practice, resource, behaviora, medical, provide, system,
network

COVID testing covid, testing, health, information, state, include, public, update, test, site, department, —0.0582 (-0.11 to —0.01)
community, today, member, resident, contact, resource, day, announce, visit

State information case, covid, county, health, statewide, update, coronavirus, individual, state, home, —0.0398 (—-0.09 to 0.01)
death, total, patient, provide, stay, information, report, number, continue, resident

Schools and education school, child, student, education, year, district, teacher, high, parent, family, plan, =~ —0.0348 (-0.09 to 0.02)
learn, person, work, board, adult, college, staff, opportunity, ensure

Masking to slow spread virus, people, spread, mask, risk, coronavirus, medical, disease, sick, doctor, prevent, —0.0243 (—0.08 to 0.03)
stay, condition, symptom, show, time, flu, avoid, slow, wear

Frontline/essential service  service, include, provide, medical, support, public, community, food, individual, —0.0116 (-0.06 to 0.04)

support and volunteers provider, essential, work, worker, center, company, care, supply, volunteer, health,
equipment

Family/support systems worker, nurse, healthcare, work, doctor, community, fight, stress, pandemic, frontline, —0.0019 (-0.05 to 0.05)
first_responder, social, tired, year, life, month, support, serve, front_line, proud

Themes associated with Republican posts

Legisation bill, pass, vote, house, legidlation, state, require, law, week, committee, session, 0.1647%(0.11 t0 0.21)
public, year, create, act, law_enforcement, veteran, legislative, establish, make

Call for local action state, governor, work, continue, pandemic, government, make, issue, important, ad- - ,1430 (0,09 to 0.19)
dress, action, local, crisis, leader, response, concern, protect, community, citizen,
time

Governmental support state, fund, budget, increase, funding, program, provide, federal, include, year, support, g 10982 (0.06 10 0.16)
tax, grant, cut, plan, education, pay, revenue, cost, rural

Health care worker testing  test, health, total, positive, pm, facility, day, testing, additional, worker, state, begin, 007522 (0,02 t0 0.13)

and mental health staff, mental, today, healthcare, recover, information, include, covid

Business/economy business, order, home, public, health, stay, guidance, follow, close, guideline, essen- 05762 (0.02 to 0.12)
tial, open, socia_distance, employee, issue, reopen, continue, activity, remain, limit

Pandemic time course time, day, people, make, work, give, place, put, today, good, week, call, happen, 0.06752 (0.02 t0 0.12)
start, month, understand, long, point, post, end

Emergency public health emergency, state, provide, program, public, benefit, federal, assistance, business, 0.0379 (-0.01 to 0.09)

measures payment, requirement, covid, extend, pay, department, governor, sign, receive, apply,
require

Debate surrounding public  woman, mandate, decision, government, protect, policy, force, doctor, fail, power,  0.0302 (-0.02 to 0.08)

policies lead, lose, sadly, life, abortion, hearing, drug, speak, freedom, science

Case counts case, death, positive, covid, active, test, change, report, yesterday, number, week, 0.0268 (—0.03 to 0.08)
hospital, total, bed, patient, update, day, increase, confirm, rate

Long-term care fecilities care, facility, home, family, nursing, health, hospital, resident, nursing home, staff,  0.0197 (-0.03 to 0.07)

visit, long-term, member, patient, visitation, vulnerable, person, senior, hour, individ-
ual

#These values were significant at the P<.001 level after applying the Benjamini-Hochberg correction for multiple tests.
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Figure4. Word clouds representing the top 20 most representative words for each of the 4 themes most correlated with Democratic social media posts.
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Figure5. Word clouds representing the top 20 most representative words for each of the 4 themes most correlated with Republican social media posts.
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Discussion

Principal Findings

This study investigated the social-media posts of US legislators
throughout the COVID-19 pandemic with a focus on content
related to health care—associated burnout and the mental health
of the workforce. It has 3 key findings. First, state and federal
legidators are actively using social media to discuss the
pandemic and burnout. Second, the focus on burnout and the
mental health of the health care workforce was primarily seen
inthe early surge of the pandemic and then dramatically waned.
Third, key differences emerged in the social media content
posted by the 2 major US political parties. Addressing the
overlapping nature of the COVID-19 pandemic and health
care-associated burnout isanationa priority for health systems,
payers, clinicians, and patients [7], yet the 2 parties appear to
highlight and prioritize different aspects of the crisis.

Stateand federal legislatorsareincreasingly using social media
asaplatform to discuss health care and medicine[31,35,36,40].
Previous literature has investigated the relationship between
Democrats and Republicans' social media content within the
context of the opioid epidemic, showing that overall partisanship
across topics increased from 2016 to 2019 [40]. In the setting
of the COVID-19 pandemic, a recent study also showed that
Republican legislators who were previously less engaged in
discussion of vaccination on social mediabecame significantly
more publicly engaged following the arrival of COVID-19
compared to their Democratic counterparts, suggesting a
possible convergence of priorities in light of the COVID-19
pandemic [41]. The content posted on Twitter and Facebook is
public facing, and given therise of digital technology and social
media, the content posted by legislators in the United States
provides a window into politica thoughts, agendas, and
priorities. The pandemic has certainly worsened the mental
health strain and burnout faced by health care providersand is
projected to continue despite improvementsin case volume[7].
This is among the first studies to discover and investigate the
social media content from US legislators specific to burnout
and mental health of the workforce. Perhaps less surprising is
the rise in these social media posts early in the pandemic, as
attention was keenly focused on the workforce. Unfortunately,
this data set shows that after the initial wave, there has been
less attention over time despite recurrent surges (eg, Delta
variants). In line with Kingdon's multiple streams model [48],
this may indicate that the “policy window” for mental
health—related legislation regarding the health care workforce
was open early in the pandemic. That said, there remains a
persistent, yet small, discussion across parties, but ultimately
itislow.

The themes and words that state and federal legislatorsused in
these mental health—related social media posts were notably
different between the 2 mgjor political parties, includingin their
emphasis. This is consistent with another recent analysis of
tweets from legidators that found differences in health
care—related themes according to party lines[36]. In our study,
Republican-affiliated legislator posts revealed a greater
representation of themes central to public policies and
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legislation. The themes indicated a focus on local and federal
action as seen through 2 of the top 4 most strongly correlated
themes, “call for local action” and “governmental support.”
This may reflect support for implementing broader policies to
help support health care workers. Republican posts a so included
a focus on COVID-19 testing for the workforce. In contrast,
Democratic social media posts more specifically focused on the
mental health services and acute strain on the workers
themselves. The thematic analysis showed that 2 of the top 4
themes focused on “frontline care and burnout/stress’ and
“mental health services.” In addition, Democratic posts were
varied in their overall content, with other themes emerging
related to capacity strain on health systemsrelated to outbreaks
and vaccines and vaccinations themsel ves. These themes appear
to be much more granular and focused on the workers
themselves and the stress and burnout they face throughout the
pandemic surges.

Thisisamong thefirst studiesto use natural language processing
of state and federal legislators' socia mediacontent to measure
and describetrendsin content and posting issues over timewith
specific attention to health care worker burnout and mental
health. State and federal legislators' word choices on social
media carry great influence, and their reach is broad. The posts
generated by legidlatorsreflect theimmenseinitial concern and
the seeming loss of focus as the public response evolved over
the course of the pandemic. Discussing mental health and
burnout in public forums is important in health care, where
significant stigmas exist and the consequences are grave, as
seen by the high relativerate of physician suicide[49-51]. State
and federal legislators carry power in their voices, whether they
arelive or on social media, and their words can lead to important
action to help support and sustain the workforce. Recognizing
the urgent need for improved behavioral health among health
care providers, President Joe Biden recently signed the Dr.
Lorna Breen Health Care Provider Protection Act, inspired by
Dr Breen’s death by suicide from the strain of providing care
during the COVID-19 pandemic. Highlighting the important
role of legidators' socia media, the post on the President’s
Instagram account (@Potus) about this new act’'s aim of
“reducing and preventing suicide, burnout, and mental health
and substance use conditions among healthcare professionals’
received over 330,000 likes and 7200 comments, suggesting
social mediaisanimportant tool for legislatorsto interface with
constituents about the mental health of the workforce.

Limitations

Thisstudy has several limitations. Quorum does not report state
or federal legislators' years in office, only whether they are a
current or former legidator at the time of data download. We
therefore were unable to stratify for years in office in our
measures of legislators’ number of social media posts related
to burnout or mental health. Similarly, Quorum does not report
the gender of legidators. It is possible that the content may be
different based on the gender of legislators, so future studies
should aim to analyze legislators' posts by gender. We also did
not have access to the total number of social media posts for
each legidator. We were therefore also unable to stratify for a
legidator’sgenerd social mediaactivity in our analysis. Another
limitation isthat social media posts from both state and federal
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legislators were aggregated and analyzed together. However, it
is possiblethat variationsin the content and sentiment of social
media posts may differ based on whether a legislator works at
the state or federal level.

Moreover, cross-party comparisonsin post volume areimpacted
by the size and partisan composition of state and federal
legislatures, which are often not evenly distributed along party
lines; therefore, regional differences in attention to burnout
within these geographical regions should be interpreted with
caution, since there may be different numbers of Democratic
versus Republican legidators in a given region. Another
limitation is that changes in the content of social media posts
in relation to major changesin pandemic prevention and control,
such as lockdowns, the introduction of vaccines, vaccine
mandates, and masking, were not considered in the analyses.
Given it is possible that the content in posts may vary based on
these major events, more granular analyses that look at how
socia mediacontent wasinfluenced by prevention efforts should
be conducted in the future.

Finally, social media language does not necessarily lead to
specific votes or policy decisions. Identifying relationships
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between state and federal legislator social media content and
legislator voting patterns was beyond the scope of this project.

Conclusion

Health care—associated burnout and mental health strain has
grown tremendously throughout the pandemic. Public and
legidative response and attention is key to ensuring those
working in health care are supported and cared for, as burnout
impacts clinicians and the care they provide. Social media can
provide valuable insight into trends in state and federal
legidators' burnout and mental health—rel ated content. We found
an initial surge in the volume of posts that has diminished
throughout the pandemic and, perhaps unsurprisingly, adivide
in how Democrats and Republicans think about the issues.
Democrats increasingly post content related to individuals and
stress and Republicans increasingly post content related to
legidation. As the pandemic case count diminished, we found
an unfortunate similar decrease in attention from legislators to
theissue of supporting the mental health of health care workers
and combating burnout.
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Abstract

Background: Individualsfromrural areasareincreasingly using social mediaasameans of communication, receiving information,

or actively complaining of inequalities and injustices.

Objective: Theaim of our study isto analyze conversations about rural health taking place on Twitter during a particular phase

of the COVID-19 pandemic.
Methods:

This study captured 57 days worth of Twitter data related to rural health from June to August 2021, using

English-language keywords. The study used socia network analysis and natural language processing to analyze the data.

Results:

It was found that Twitter served as a fruitful platform to raise awareness of problems faced by users living in rural

areas. Overall, Twitter was used in rural areasto express complaints, debate, and share information.
Conclusions: Twitter could be leveraged as a powerful social listening tool for individuals and organizations that want to gain

insight into popular narratives around rural health.

(IMIR Infodemiology 2023;3:€39209) doi:10.2196/39209

KEYWORDS

rural health; Twitter messaging; social media; COVID-19; SARS-CoV-2; coronavirus; social network analysis

Introduction

Globalization and proliferation of theworld wideweb and social
media have increased the amount of information available
internationally. Access to information can be crucid in rura
areas as it can help break the traditional isolation that those
living in rural areas experience. In the past, it was believed that
rural communitieswereisolated, with poor accessto web-based
information and being excluded from socia media. This is
partially true[1]. However, in recent times, in both high-income

https://infodemiol ogy.jmir.org/2023/1/€39209

RenderX

and transitional countries, a remarkable number of individuals
from rural areas are using socia media to communicate to
receive up-to-date information and access quality health support
and services[2].

Itiswell known that severa societal and health issuesare unique
to rural areas when compared to those in urban areas. This
includes high poverty rates, less access to health care, a higher
percentage of adults with health problems, and health issues
related to exposure to chemicals used in farming.
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Twitter isapopular form of social media, and its use by health
care professionals has been studied extensively [3]. Some
examples include the use of Twitter as a means of health
promotion by large urban hospitals and clinics in the United
States[4]. Moreover, Twitter has al so been used asanew source
of data to study depression and its wider determinants in
deprived populations in India and Brazil and for predictive
analytics and sentiment analysis[5].

A recent study analyzing the implications of Twitter in
health-related research identified a wide variety of themes
ranging from professional education in health care to big data,
social marketing and substance use, physical and emotional
well-being of young adults, and public heath and health
communication [6]. The analysis of social media provides a
useful tool for public health specialists and government
decision-makers to gain insight into population reactions and
feelings [7], especialy in times of uncertainty such as the one
we are facing with the present pandemic [8].

Misinformation has been a problem on social media platforms
such as Twitter. A systematic review of the prevalence of health
misinformation on social mediabefore the COVID-19 pandemic
found that 2 of the 6 principal categories were vaccines (32%)
and pandemics (10%). The prevalence of health misinformation
was the highest on Twitter [9]. Another paper published after
the onset of the COVID-19 pandemic suggests understudied
research areas that need to be addressed to improve policy and
practice in response to health misinformation; those research
areasinclude (1) spatial, temporal, network, and cross-platform
dynamics of misinformation sharing and (2) the focus on
vulnerable populations [10]. A recent bibliometric study of the
scientific literature on medical and health-related misinformation
on socia mediafound that the most popularly investigated social
media platform is Twitter and that COVID-19 is a common
topic investigated across all platforms[11].

A study by Cuomo et al [12] analyzed the geospatial distribution
of Tweetsrelated to COVID-19totry toillustrate the full scope
of the pandemic. The authorsfound that rural areasin the United
Statesengaged in COVID-19—related socia mediaconversations
at later stages of the outbreak than urban areas[12]. A person’'s
birthplace has been regarded as an important determinant of
health [13]. The availability of resources in rural areas differs
from that in urban areas, and this has an impact on population
health [14,15]. Another problem in rural areas is the shortage
of health professionalswilling to work in these areas[16]. Some
initiatives are being developed to promoteinterest in rural health
in this context. One such initiative uses social media for this
objective. Thisisthe case of the Rural Family Medicine Café,
which, since 2015, has been organizing regular meetings using
socia networksto put in contact health professional swho work
or have an interest in rural health [17,18].

Therearefew studiesinvestigating the use of Twitter inrelation
to rural health issues that analyze popular topics covered in
these areas. This is particularly interesting at the time of the
COVID-19 pandemic, as contrary to theinitial beliefsthat lower
population density could protect against the virus, COVID-19
did not spare these areas[19].
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Themain overall aim of our study isto analyze the conversations
related to rural health taking place on Twitter during the
COVID-19 pandemic to better understand popular narratives
being communicated. Twitter is a popular social networking
platform, and our study aimsto shed light on the content hosted
on the platform related to rural health.

More specifically, the objectives of this study are to study a
particular time frame to (1) develop an understanding of the
content and debates being shared on Twitter related to rural
health, (2) to identify influential users around rural health on
Twitter, and (3) uncover the key hashtags and websites being
shared.

By fulfilling these objectives, the study will gain an
understanding of rural health conversations taking place on
Twitter during a specific phase of the COVID-19 pandemic
between June and August 2021. The results are likely to be of
interest to other scholarsworking in these areasaswell aspublic
health organizations and activists.

Methods

Sampling Tweets

This study made use of the Twitter Archiving Google Sheets
(TAGS) tool to retrieve 15,586 tweets matching the keyword
“rural health.” TAGS draws upon the Twitter Search application
programming interface to retrieve tweets. Although an English
keyword is used, other languages may also exist, for example,
if they reply to atweet using adifferent language but the original
tweet was posted in English or if they quote or reply to atweet.
Tweets were retrieved from June 10 to August 6, 2021,
encompassing 57 days during the COVID-19 pandemic. No
particular geographical location was selected from which to
retrieve tweets, and tweets could be sent and received from
anywhere in the world where Twitter is available. Thisis not a
limitation of this study per se, as Twitter does not provide
accurate location-based data and many studies are conducted
using keywords. It is important to mention that there are
numerous definitions of “rural” [20]. These definitions differ
in the cutoff point. To avoid disputes, we use the simple
principle that if one thinks oneisrural, one probably is.

Although it can be argued that tweets are in the public domain,
the project was careful not to draw attention to individual users
acting in a personal capacity (preventing unwanted exposure).
However, the users and key tweets reproduced in this study
derive either from accounts and users in the public domain,
social mediainfluencers, health organizations, politicians, and
academic journals.

Data Analysis

In order to identify influential users, the metric of betweenness
centrality (the influence a user exerts on other users by his/her
tweets) was applied, which is derived from the network theory
and has been used in this study to find Twitter users that have
an influence in our data set. This methodology has been used
in previous research [21-23]. This metric was used in this study
asit can identify users located in strategic locations within the
network and who are gatekeepers of information propagation.
Itis commonly used in social mediaresearch to find important
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usersin anetwork. The betweenness centrality scoresare unique
to each network and can be used to benchmark each of the users
and rank them from most to least influential by betweenness
centrality. Providing a detailed overview of network
visualizations is beyond the scope of this study. Those new to
network visualizations may wish to examine research in this
area, which outlines common network patterns and how to
interpret them [24].

Social Network Analysis

The software NodeXL (Social Media Research Foundation)
was used to conduct a social network analysis of the data[17].
The network graph was laid out using the
Clauset-Newman-Moaoore layout algorithm that isintegrated into
NodeXL . Socia network analysisisthe process of investigating
social structures using networks and graph theory. This entails
identifying and analyzing relations among entities and features
in a socia system. In our case, we analyzed the relationship
among users by examining interaction patterns (retweets, replies,
mentions, etc). We examined the whole network without
prefiltering.

Time-Series Analysis

Time-series analysisisthe study of dataover time (Multimedia
Appendix 1); it is the process of examining a time series to
understand it and make predictions about future trends based

on past data. It has applications in many areas, including
economics, biology and medicine, engineering, environmental

Figure 1. Social network visualization and discussions across groups.
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science, and meteorology. In this study, we made use of
time-series analysis to gain an understanding of the volume of
all tweet types acrosstime.

Content Analysisand Natural L anguage Processing

NodeXL was also used to identify co-occurring word pairs,
which is a type of natural language processing modality. In a
word pair analysis, we looked at all the words in our data set
and compared them to each other using their co-occurrence
statistics (MultimediaAppendix 2). Wethen used these statistics
tofind all the word pairsthat are likely to occur together more
often than expected by chance.

Ethics Approval

The study received ethical approval from Newcastle University
(26055/2022).

Results

Results of Social Network Analysis

Figure 1 provides a visua representation of Twitter activity
based on the data that were captured. The circles within the
network represent individual Twitter users who were tweeting
using the words “rural hedlth,” and the lines between them
represent connections such as mentions and replies. Different
colors are used to distinguish each of the groups, and they are
listed from left to right, ranked by size, where group 1 is the
largest cluster in the network, followed by group 2, and so forth.
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The figure highlights how there were several different groups
of users who were conversing about different topics related to
rural health. The largest group in the network (group 1) is that
of a broadcast network where a user’s tweet is retweeted with
high frequency.

There are also several other smaller groups and broadcast
networks providing the overall network a community shape.
Other popular groups, such asgroups 3, 5, 6, 7, and 10, indicate
that there were different communitiesforming on Twitter, which
were conversing about different topics related to rural health.
Thereislittle engagement (retweets and mentions) among users
within some groups, but cross-group interaction was seen to
occur between groups 5 and 9. Groups 1 and 9 appeared to be
broadcast as network shapes. Multimedia Appendix 2 contains
a full list of keywords associated with each of the clusters,
providing insight into the types of topics that were being
discussed.

More specifically, to provide more context on the content of
the groups and communities represented within the visual, a
range of news articles and reports were being amplified. For
example, one article shared in group one was entitled, “India’s
healthcare workers are busting misinformation on WhatsApp.”
Thiswasthe most dominant news story being amplified in group
1. Asidefrom “rural, health” itself, the most popular word pair
in group 1 was that of “fighting, covid” (n=873). Other
interesting keywords identified within this group included
“busting, myths’ (n=873), indicating the combatting of
misinformation, which was also linked to the aforementioned
news article. If we cross-reference to the top 10 retweets and
examine the tweet ranked as the third-most popular, it can be
seen that thistweet usesthe keyword “ busting myths.” In group
2, interesting word combinations (provided within the appendix)
included “health, systems’ (n=373), “expanding, medicaid”
(n=256), “taxpayers, money” (n=254), and “ affordable, health”
(n=212). These keywords provide insight into the commonly
used words and are helpful in understanding some of thetopics
that users were discussing. Multimedia Appendix 2 provides
insight into groups 3 to 10 and an insight into some of the topics
discussed.

Resultsof the Time-Series Analysis

Multimedia Appendix 1 provides an overview of the data set’s
unique edges (ie, tweets, retweets, mentions, etc). There appears
to be a constant stream of Twitter activity, with 2 large peaks
observed on June 18 and July 16, 2021, respectively. Overall,
there appearsto be much more activity taking place during June
2021. Upon investigating the peaks that were occurring within
the data, it was found that these peaks tended to relate to spikes
in retweets due to the tweets contained among the top 10.

ResultsRelated to Key Users, Websites, Hashtags, and
Retweets

Table 1 provides insight into the key users. The first key user
is the account of Akhilesh Yadav, a socialist leader of India
This is followed by the Twitter account of the World Health
Organization and the Rural and Remote Health Journal Twitter,
an open-access academic international journal. In fourth place,
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we found the account of Senator Reverend Raphael Warnock,
a US senator from Georgia, and in fifth place, the account of
the National Rural Heath Association, a US nonprofit
organization with the mission to provide leadership on rural
health issues through advocacy, communications, education,
and research.

Table 2 provides information about the top websites used in
tweets. The top website used in tweets and by far (877
occurrences) isfrom The Verge, an American technology news
website. It features an article on how health care workers are
combating misinformation about COVID-19inrural India. The
second-most used website in tweetsis also related to Indiaand
is based on an article from The New York Times, which
describes how the bodies floating at the river Ganges were
buried at their shores and showed that the authorities were not
telling the truth about the full extent of the death toll caused by
COVID-19. Thethird-most used website was from a suspended
account and no longer accessible. Finally, the fourth-most used
website was from Gary Votour, who was running for the post
of governor of South Carolina, and the fifth-most used website
was an article from IndiaSpend, an Indian web-based journal,
which discussed how Indian rural health centerswere struggling
with staff shortages, especially pharmacists and doctors.

Table 3 providesinsight into the top hashtags used in the tweets.
Themost used hashtag is#appoint_pharmacist_for_rural_hedlth,
a hashtag used in a campaign to advocate for the appointment
of pharmacists in rural India. The second-most used hashtag
was #33yearsof pmk, a hashtag commemorating 33 years of the
Paattali Makkal Katchi (working people's party), abbreviated
as “PMK”"—a political party in Tamil Nadu, India. The
third-most used hashtag is directly related to rura health
(#ruralhealth), and the fourth- and fifth-most used hashtags are
2 related hashtags, one in English and the other in Korean, to
celebrate the birthday of Sunoo (birth name: Kim Sun-00), a
member of the Korean band ENHY PEN. This appears within
the data because as result of the birthday packed lunches were
delivered to the front-liners of the Los Banos, Laguna Rural
Health Unit. The hashtags related to COVID-19 come in the
6th and 10th positions.

We also examined the top 10 retweets. It was found that the
first, second, and fourth-ranking retweets were addressed to
specific individuals. The most popular retweet was an appeal
to the prime minister of Indiato appoint morerural doctors, and
the second- and fourth-ranking retweets were related to a
campaign to uncover water corruption in rural areas. The
third-ranking retweet is a recognition of rural health activists
who combat misinformation about COVID-19 in rura India
The other popular retweets had several purposesrelated to rural
and public health: to report corruption related to rural health
problems and the deplorable conditions of rura health care
facilities, to congratulate a doctor by providing some key
indicators of arural health program milestone, to announce the
building of health care facilities, and to report the shortage of
health workforce and encourage professionals to work in rural
aress.
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Table 1. Key users by betweenness centrality.

User handle Bio Betweenness centrality

yadavakhilesh Socialist Leader of India. Chief Minister of UP (2012 - 2017) 5185471

who We are the #UnitedNations' health agency - #HealthForAll. 5150502
Always check our latest tweets on #COV D19 for updated advice/information.

rrh_journal Open-access, peer-reviewed journal providing an international evidence baseto inform improvement 4270264
in rural and remote health (free-to-read, no page charges)

senatorwarnock United States Senator from Georgia. Pastor of Ebenezer Baptist Church. 3855435

ruralhealth National Rural Health Association, 21k+ members nationwide, providing leadership and support at 3000683
NRHA.

bprophetable Only way to get good politiciansis get rid of bad ones. | try to retweet facts and everyone'sopinions 2476886
including those | disagree with #FactsMatter

dainikbhaskar India's Biggest Hindi Newspaper & News App. For Realtime News Updates, Local News for 2000 2403907
cities, Short Video News, Download our App: http://dainik-b.infriOAhsOK g6

nytopinion We amplify voices on the issues that matter to you. | Tell us what you think: letters@nytimes.com 2372269

timryan Proud dad and husband, Ohio native, die-hard Browns fan. Running for U.S. Senateto fight like hell 2349314
to cut workersin on the deal.

ruraldoctorsaus Rural Doctors Association of Australia- promoting excellent medical care for rural and remote 2209906
Austraians.

Table 2. Top websites used in tweets.

Rank Title Twesets, n
1 India's Healthcare Workers Are Busting Misinformation On WhatsA pp 877
2 The Ganges Is Returning the Dead. It Does Not Lie. 164
3 Thistweet is from a suspended account 115
4 Officia campaign website for Gary Votour for Governor of South Carolina 89
5 As Third Wave Looms, Rural Health Centres Struggle With Expired Drugs, Missing Doctors 69
6 Myth V's Facts Government of India has been working towards effective COVID-19 management in rural India by sustained 61
strengthening of the Rural health Infrastructure, and through focussed Public Health Measuresin active collaboration with the
States
7 Gary Votour for South Carolina Governor campaign 60
8 Chhattisgarh to privatise rural health infra; public health experts and activists demand roll back 55
9 Officia Account Of Chhattisgarh Pradesh Congress Committee. 47

10 Barak Obama's twitter account, it reads. Today, the Supreme Court upheld the Affordable Care Act. Again. Thisruling reaffirms 47
what we have long known to be true: the Affordable Care Act is here to stay.
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Table 3. Top hashtags used in tweets.
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Rank Top hashtags

1 appoint_pharmacist_for_rural_health
2 33yearsofpmk

3 ruralhealth

4 sunooourmiracleofjune

5 Ao _dolEHA_dd
6 covidl9

7 pharmacistfederation

8 rural

9 medicai dsaves|ivesact

10 covid

Results Related to L anguage and Geographical
L ocations

On examining the retweet count, the most widely used language
was English, either in non-English native-speaking areas or in
countrieswhere other local languages are spoken. Thisislikely
to beinfluenced by the keywordsthat were used to retrieve data
as these were in English. In total, 4553 (80%) retweets are
written only in English. Including tweets that mix English and
other languages accounts for 94.5% (n=5350) of retweets. The
second-most used language is Tagalog, mixed with English in
the main body of the Tweet (n=407, 7 %). The third-most used
language is Korean, but in this case used only as a hashtag; the
retweets main text isin English (n=390, 6.9%). The fourth-most
used language is Hindi, only used in one of the top 10 retweets
inour dataset (n=311, 5.5%). Other languages can easily appear
even if English keywords are used to retrieve the data because
atweet written in English can be quoted by a user writing in a
different language, which would be included in our data set.
The geographical locations of the debates are mainly India,
Pakistan, Australia, the Philippines, and the United States. The
most widely used language was English. Other languages used
were Hindi, Korean, and Tagalog.

Discussion

Principal Findings

Although the role of social media in rural settings has been
studied previously [2,18], to our knowledge, this is the first
study on the specific use of Twitter in relation to rura health
issues and has identified the common topics discussed in these
settings at a specific point in time.

Our study also found that the key users related to thistopic are
individuals (mainly politicians) and organizations dealing with
aspects related to rura health. The top websites used in the
tweets specialized in neither health care nor public health. The
tweets sometimes used wide audience sources, such as
international newspapers (The New York Times) or local press.
Key opinion leaders have abig influence on the spread of factua
information [23], and health authorities could make more use

https://infodemiol ogy.jmir.org/2023/1/€39209

of Twitter to publish news and articles related to rural health
and COVID-19.

The most frequently used hashtags were able to uncover
interesting and surprising connections to rural health. They
included acelebration of the birthday of atop Korean boy band
member and the anniversary of the foundation of an Indian
political party. These occurred as packed lunches were donated
to arural health center on the front line due to the birthday, and
in the case of the political party, it has strong relations with
rural areas. The most used hashtag was related to a campaign
requesting the appointment of a pharmacist in rural areas,
indicating the shortage of pharmacists in these settings. The
COVID-19 hashtag was aso popular, being used in 2 different
forms: “covid19” and “covid.

Thetop 10 retweets explicitly mention rural health, health care,
or public health problems. The topics are generaly of local
interest, pointing at very specificissues. Even when rural health
is part of apolitician’s campaign or a politician's comment, its
interest islocal or national. The main uses of Twitter identified
in our study are complaints, debates, information sharing,
acknowledgements, advertisements, and political campaigns.
Regarding the geographical |ocations of the top tweets, the most
influential tweetswere derived from India. Thisisnot surprising,
given the size of India and the number of rural areas therein.
The United States, the Philippines, and South Korea are also
among the most frequent locations from whereinfluential tweets
were obtained.

The study has several limitations. A circumscribed 57-day time
was examined, which may have excluded certain tweetsfalling
outsidethis period. Ancther limitation isthat the Twitter Search
application programming interface can only retrieve data from
public-facing Twitter accounts and not from private accounts,
however, most accounts are set as public. Another limitation is
that as our study retrieved data using a very specific keyword
(rura health), our data may have excluded tweets from users
who tweeted without using our target keyword. Furthermore,
the study retrieved many tweets from other widely spoken
languages, such as German or French, which may arise from
the limited number of keywords used when retrieving data.
Tweetsfrom Indiaoccurred in higher frequency than those from
other countries. This is potentially because of the huge rural
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population of the country; thisis because India has the largest
total rural population [25]. However, our aim was to examine
content on Twitter, and content from India happened to be
popular at the time we sampled data.

Assessing the needs for those living in rural communities has
traditionally been challenging. Severa circumstances have been
aconstraint: language as a barrier, isolation, lack of registries,
difficulties to carry out interviews, location of the households,
and expenditure to perform studies. Twitter could prove to be
a solution for these problems and could be used as a social
listening tool to identify the concerns and needs of rural
communities. Our study shows that Twitter can be effectively
used asameans of communicationin rural areasand asasource

Ahmed et &

Twitter could also be used strategically for those living in rural
areas to communicate with one another, for sharing local
updates, and to warn of disasters and areas to avoid. It could
also be used to connect to share resources and supplies. This
could be facilitated using domain-specific hashtags related to
each area and widely advertised and popularized locally.

Conclusions

Twitter has been shown to be a powerful means of
communicating about important issues around rural health.
Twitter is a tool that can be used to raise awareness of the
problems existing in rura health. When examining tweets in
English, it was found that India has the most Twitter-related

conversations on rural health. Twitter was used to discuss rural
settings to express complaints, debate, share information,
acknowledge somebody or something, and create advertisements
or politician’s campaigns. Twitter could be leveraged as a
powerful source of information for individuals and organizations
working on rural health and as a means to identify popular
narratives and hot issues around this topic.

of information on rural health. Moreover, the information
existing on Twitter, when filtered by geographical locations,
may be of interest to stakeholders, health care workers,
politicians, patients, and communitiesin general.

Conflictsof Interest
None declared.

Multimedia Appendix 1
Time-series chart of Twitter activity.
[PNG File, 106 KB - infodemiology_v3i1e39209_appl.png ]

Multimedia Appendix 2
Associations between word pairs and groups.
[DOCX File, 18 KB - infodemiology v3i1€39209 app2.docx ]

References

1. Greenberg AJ, Haney D, Blake KD, Moser RP, Hesse BW. Differences in access to and use of electronic personal health
information between rural and urban residentsin the United States. J Rural Health 2018 Feb 11;34 Suppl 1(Suppl 1):s30-s38
[FREE Full text] [doi: 10.1111/jrh.12228] [Medline: 28075508]

2. Mehmet M, Roberts R, Nayeem T. Using digital and social mediafor health promotion: a social marketing approach for
addressing co-morbid physical and mental health. Aust JRural Health 2020 Apr 22;28(2):149-158. [doi: 10.1111/gjr.12589]
[Medline: 31970832]

3. Pershad Y, Hangge PT, Albadawi H, Oklu R. Social medicine: Twitter in healthcare. J Clin Med 2018 May 28;7(6) [FREE
Full text] [doi: 10.3390/jcm7060121] [Medline: 29843360]

4,  Kordzadeh N. Health promotion via Twitter: a case study of three medical centersin the USA. Health Promot Int 2022 Apr
29;37(2). [doi: 10.1093/heapro/daab126] [Medline: 34379755]

5. ThapaB, Torres|, Koya SF, Robbins G, Abdalla SM, Arah OA, et a. Use of datato understand the social determinants of
depression in two middle-income countries: the 3-D Commission. J Urban Health 2021 Aug;98(Supp! 1):41-50 [FREE
Full text] [doi: 10.1007/s11524-021-00559-6] [Medline: 34409557]

6.  Yeung AWK, Kletecka-Pulker M, Eibensteiner F, Plunger P, Volkl-Kernstock S, Willschke H, et al. Implications of Twitter
in health-related research: alandscape analysis of the scientific literature. Front Public Health 2021;9:654481 [FREE Full
text] [doi: 10.3389/fpubh.2021.654481] [Medline: 34307273]

7.  Vida-Alaball J, Fernandez-Luque L, Marin-Gomez FX, Ahmed W. A new tool for public health opinion to give insight
into telemedicine: Twitter poll analysis. IMIR Form Res 2019 May 28;3(2):€13870 [FREE Full text] [doi: 10.2196/13870]
[Medline: 31140442]

8. DeRosisS, Lopreite M, PuligaM, Vainieri M. The early weeks of the Italian Covid-19 outbreak: sentiment insights from
a Twitter analysis. Health Policy 2021 Aug;125(8):987-994 [FREE Full text] [doi: 10.1016/j.healthpol.2021.06.006]
[Medline: 34176671]

9. Suarez-LledoV, Alvarez-Galvez J. Prevalence of health misinformation on social media: systematic review. JMed Internet
Res 2021 Jan 20;23(1):e17187 [FREE Full text] [doi: 10.2196/17187] [Medline: 33470931]

https://infodemiol ogy.jmir.org/2023/1/639209 JMIR Infodemiology 2023 | vol. 3 | €39209 | p.56

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=infodemiology_v3i1e39209_app1.png&filename=2ee5cc7a5bfec50b208df6fc860e5a26.png
https://jmir.org/api/download?alt_name=infodemiology_v3i1e39209_app1.png&filename=2ee5cc7a5bfec50b208df6fc860e5a26.png
https://jmir.org/api/download?alt_name=infodemiology_v3i1e39209_app2.docx&filename=8198874f6bbb45c9c2b00ab7ca5c575a.docx
https://jmir.org/api/download?alt_name=infodemiology_v3i1e39209_app2.docx&filename=8198874f6bbb45c9c2b00ab7ca5c575a.docx
https://europepmc.org/abstract/MED/28075508
http://dx.doi.org/10.1111/jrh.12228
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28075508&dopt=Abstract
http://dx.doi.org/10.1111/ajr.12589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31970832&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm7060121
https://www.mdpi.com/resolver?pii=jcm7060121
http://dx.doi.org/10.3390/jcm7060121
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29843360&dopt=Abstract
http://dx.doi.org/10.1093/heapro/daab126
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34379755&dopt=Abstract
https://europepmc.org/abstract/MED/34409557
https://europepmc.org/abstract/MED/34409557
http://dx.doi.org/10.1007/s11524-021-00559-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34409557&dopt=Abstract
https://europepmc.org/abstract/MED/34307273
https://europepmc.org/abstract/MED/34307273
http://dx.doi.org/10.3389/fpubh.2021.654481
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34307273&dopt=Abstract
https://formative.jmir.org/2019/2/e13870/
http://dx.doi.org/10.2196/13870
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31140442&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0168-8510(21)00162-7
http://dx.doi.org/10.1016/j.healthpol.2021.06.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34176671&dopt=Abstract
https://www.jmir.org/2021/1/e17187/
http://dx.doi.org/10.2196/17187
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33470931&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY Ahmed et &

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

Sylvia Chou W, Gaysynsky A, Cappella JN. Where we go from here: health misinformation on social media. Am JPublic
Health 2020 Oct;110(S3):S273-S275. [doi: 10.2105/ajph.2020.305905]

Yeung AWK, Tosevska A, Klager E, Eibensteiner F, Tsagkaris C, Parvanov ED, et al. Medical and health-related
misinformation on social media: bibliometric study of the scientific literature. JMed Internet Res 2022 Jan 25;24(1):€28152
[FREE Full text] [doi: 10.2196/28152] [Medline: 34951864]

Cuomo RE, Purushothaman V, Li J, Cai M, Mackey TK. Sub-national longitudinal and geospatial analysis of COVID-19
tweets. PLoS One 2020 Oct 28;15(10):e0241330 [FREE Full text] [doi: 10.1371/journal.pone.0241330] [Medline: 33112922]
Cofifio Fernandez R. [ Your post code is more important for your health than your genetic code (1)]. Aten Primaria 2013
Mar;45(3):127-128 [FREE Full text] [doi: 10.1016/j.aprim.2013.02.001] [Medline: 23499154]

LeeH, Lin CC, Snyder JE. Rura-urban differences in health care access among women of reproductive age: a 10-year
pooled analysis. Ann Intern Med 2020 Dec 01;173(11 Suppl):S55-S58 [FREE Full text] [doi: 10.7326/M 19-3250] [Medline:
33253026]

Rahman M, White EM, Thomas KS, Jutkowitz E. Assessment of rural-urban differencesin health care use and survival
among Medicare beneficiarieswith Alzheimer disease and related dementia. JAMA Netw Open 2020 Oct 01;3(10):€2022111
[EREE Full text] [doi: 10.1001/jamanetworkopen.2020.22111] [Medline: 33090226]

Lehmann U, Dieleman M, Martineau T. Staffing remote rural areasin middle- and low-income countries: aliterature review
of attraction and retention. BMC Health Serv Res 2008 Jan 23;8:19 [FREE Full text] [doi: 10.1186/1472-6963-8-19]
[Medline: 18215313]

Floss M. How to Do aRural Cafe: A Short Manual. 2018. URL : https.//wonca.net/site/Defaul tSite/filesystem/documents/
Groups/Rural %20Practi ce/M anual %20Rural %20Cafe.pdf [accessed 2021-08-14]

Wheatley A, Floss M, Bakola M, Kampouraki M, Silveira B, Scott-Jones J. The Rural Family Medicine Café Project: a
social media strategy to reduce occupational isolation and improve support for rural healthcare professionals. Front Public
Health 2020;8:595255 [FREE Full text] [doi: 10.3389/fpubh.2020.595255] [Medline: 33330339]

Hart LG, Larson EH, Lishner DM. Rural definitions for health policy and research. Am J Public Health 2005
Jul;95(7):1149-1155. [doi: 10.2105/ajph.2004.042432]

Cuadros DF, Branscum AJ, Mukandavire Z, Miller FD, MacKinnon N. Dynamics of the COVID-19 epidemic in urban and
rural areasin the United States. Ann Epidemiol 2021 Jul;59:16-20 [FREE Full text] [doi: 10.1016/j.annepidem.2021.04.007]
[Medline: 33894385]

Ahmed W, Marin-Gomez X, Vidal-Alaball J. Contextualising the 2019 e-cigarette health scare: insights from Twitter. Int
JEnviron Res Public Health 2020 Mar 26;17(7):2236 [ FREE Full text] [doi: 10.3390/ijerph17072236] [Medline: 32225020]
Ahmed W, Vidal-Alaball J, Downing J, Lopez Segui F. COVID-19 and the 5G conspiracy theory: social network analysis
of Twitter data. JMed Internet Res 2020 May 06;22(5):€19458 [ FREE Full text] [doi: 10.2196/19458] [Medline: 32352383]
Fuster-Casanovas A, Das R, Vidal-Alaball J, Lopez Segui F, Ahmed W. The #VaccinesWork hashtag on Twitter in the
context of the COVID-19 pandemic: network analysis. IMIR Public Health Surveill 2022 Oct 28;8(10):€38153 [ FREE Fulll
text] [doi: 10.2196/38153] [Medline: 36219832]

Smith M, Himelboim |, Rainie L, Shneiderman B. The Structures of Twitter Crowds and Conversations. In: Matel SA,
Russell MG, Bertino E, editors. Transparency in Socia Media: Tools, Methods and Algorithms for Mediating Online
Interactions. Cham: Springer; 2015:67-108.

Rural population - Country Ranking. Index Mundi. 2019. URL : https://www.indexmundi.com/facts/indicators SPRUR.TOTL/
rankings [accessed 2023-03-01]

Abbreviations

TAGS: Twitter Archiving Google Sheets

Edited by T Mackey; submitted 02.05.22; peer-reviewed by F Lopez Segui, C Pérez-Aldana; comments to author 15.08.22; revised
version received 22.11.22; accepted 25.02.23; published 08.03.23.

Please cite as:

Ahmed W, Vidal-Alaball J, Vilaseca Llobet JIM

Analyzing Discussions Around Rural Health on Twitter During the COVID-19 Pandemic: Social Network Analysis of Twitter Data
JMIR Infodemiology 2023;3:€39209

URL: https://infodemiology.jmir.org/2023/1/e39209

doi: 10.2196/39209

PMID: 36936067

https://infodemiol ogy.jmir.org/2023/1/€39209 JMIR Infodemiology 2023 | vol. 3 | €39209 | p.57

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.2105/ajph.2020.305905
https://www.jmir.org/2022/1/e28152/
http://dx.doi.org/10.2196/28152
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34951864&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0241330
http://dx.doi.org/10.1371/journal.pone.0241330
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33112922&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0212-6567(13)00065-6
http://dx.doi.org/10.1016/j.aprim.2013.02.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23499154&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/M19-3250?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.7326/M19-3250
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33253026&dopt=Abstract
https://europepmc.org/abstract/MED/33090226
http://dx.doi.org/10.1001/jamanetworkopen.2020.22111
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33090226&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/1472-6963-8-19
http://dx.doi.org/10.1186/1472-6963-8-19
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18215313&dopt=Abstract
https://wonca.net/site/DefaultSite/filesystem/documents/Groups/Rural%20Practice/Manual%20Rural%20Cafe.pdf
https://wonca.net/site/DefaultSite/filesystem/documents/Groups/Rural%20Practice/Manual%20Rural%20Cafe.pdf
https://europepmc.org/abstract/MED/33330339
http://dx.doi.org/10.3389/fpubh.2020.595255
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33330339&dopt=Abstract
http://dx.doi.org/10.2105/ajph.2004.042432
https://europepmc.org/abstract/MED/33894385
http://dx.doi.org/10.1016/j.annepidem.2021.04.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33894385&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph17072236
http://dx.doi.org/10.3390/ijerph17072236
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32225020&dopt=Abstract
https://www.jmir.org/2020/5/e19458/
http://dx.doi.org/10.2196/19458
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32352383&dopt=Abstract
https://publichealth.jmir.org/2022/10/e38153/
https://publichealth.jmir.org/2022/10/e38153/
http://dx.doi.org/10.2196/38153
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36219832&dopt=Abstract
https://www.indexmundi.com/facts/indicators/SP.RUR.TOTL/rankings
https://www.indexmundi.com/facts/indicators/SP.RUR.TOTL/rankings
https://infodemiology.jmir.org/2023/1/e39209
http://dx.doi.org/10.2196/39209
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36936067&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY Ahmed et &

©Wasim Ahmed, Josep Vidal-Alaball, Josep Maria Vilaseca Llobet. Originaly published in JMIR Infodemiology
(https://infodemiology.jmir.org), 08.03.2023. Thisis 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 IMIR Infodemiology, is properly cited. The complete bibliographic

information, alink to the original publication on https://infodemiol ogy.jmir.org/, aswell asthis copyright and license information
must be included.

https://infodemiol ogy.jmir.org/2023/1/639209 JMIR Infodemiology 2023 | vol. 3 | €39209 | p.58

(page number not for citation purposes)


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

JMIR INFODEMIOLOGY Lietd

Original Paper

Estimating Rare Disease Incidences With Large-scale Internet
Search Data: Development and Evaluation of a Two-step Machine
Learning Method

Jiayu Li*, PhD; Zhiyu He', MSc; Min Zhang', PhD; Weizhi M&, PhD; Ye Jin®, MD; L& Zhang*, MD; Shuyang
Zhang®, MD; Yiqun Liu*, PhD; Shaoping Ma', PhD

1Department of Computer Science and Technology, Tsinghua University, Beijing, China

2Institute for Al Industry Research, Tsinghua University, Beijing, China

3Department of Medical Research Center, Peking Union Medical College Hospital, Beijing, China
4Department of Nephrology, Peking Union Medical College Hospital, Beijing, China
5Department of Cardiology, Peking Union Medica College Hospital, Beijing, China

Corresponding Author:

Shuyang Zhang, MD

Department of Cardiology

Peking Union Medical College Hospital
No.1 Shuaifuyuan

Wangfujing, Dongcheng District
Beijing, 100730

China

Phone: 86 010 69151188

Email: shuyangzhangl03@nrdrs.org

Abstract

Background: Asrare diseases (RDs) receive increasing attention, obtaining accurate RD incidence estimates has become an
essential concern in public health. Since RDs are difficult to diagnose, include diverse types, and have scarce cases, traditional
epidemiological methods are costly in RD registries. With the development of the internet, users have become accustomed to
searching for disease-related information through search engines before seeking medical treatment. Therefore, online search data
provide a new source for estimating RD incidences.

Objective: The aim of this study was to estimate the incidences of multiple RDs in distinct regions of Chinawith online search
data.

Methods: Our research scale included 15 RDs in Chinafrom 2016 to 2019. The online search data were obtained from Sogou,
one of the top 3 commercial search enginesin China. By matching to multilevel keywords related to 15 RDs during the 4 years,
we retrieved keyword-matched RD-related queries. The queries used before and after the keyword-matched queries formed the
basis of the RD-related search sessions. A two-step method was devel oped to estimate RD incidenceswith users’ intents conveyed
by the sessions. In the first step, a combination of long short-term memory and multilayer perceptron algorithms was used to
predict whether the intents of search sessions were RD-concerned, news-concerned, or others. The second step utilized alinear
regression (LR) model to estimate the incidences of multiple RDs in distinct regions based on the RD- and news-concerned
session numbers. For evaluation, the estimated incidences were compared with RD incidences collected from China's national
multicenter clinical database of RDs. Theroot mean square error (RM SE) and relative error rate (RER) were used asthe evaluation
metrics.

Results: The RD-related online data included 2,749,257 queries and 1,769,986 sessions from 1,380,186 users from 2016 to
2019. The best LR model with sessions as the input estimated the RD incidences with an RM SE of 0.017 (95% Cl 0.016-0.017)
and an RER of 0.365 (95% CI 0.341-0.388). The best L R model with queriesasinput had an RM SE of 0.023 (95% CI 0.017-0.029)
and an RER of 0.511 (95% CI 0.377-0.645). Compared with queries, using session intents achieved an error decrease of 28.57%
in terms of the RER (P=.01). Analysis of different RDs and regions showed that session input was more suitable for estimating
the incidences of most diseases (14 of 15 RDs). Moreover, examples focusing on two RDs showed that news-concerned session
intents reflected news of an outbreak and helped correct the overestimation of incidences. Experiments on RD types further
indicated that type had no significant influence on the RD estimation task.
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Conclusions: Thiswork shedslight on anovel method for rapid estimation of RD incidencesin theinternet era, and demonstrates
that search session intents were especially hel pful for the estimation. The proposed two-step estimation method could be avaluable
supplement to the traditional registry for understanding RDs, planning policies, and allocating medical resources. The utilization
of search sessions in disease detection and estimation could be transferred to infoveillance of large-scale epidemics or chronic

diseases.

(JMIR Infodemiology 2023;3:e42721) doi:10.2196/42721

KEYWORDS

disease incidence estimation; rare disease; internet search engine; infoveillance; deep learning; public health

Introduction

Background

Rare diseases (RDs) refer to a group of diseases with very low
prevalence (usualy lessthan 0.05% of the population[1]). There
are more than 7000 known RDs and more than 400 million
people are affected by RDs worldwide [2]. Because of their
diseases, patients with RDs often experience socid
discrimination and financial hardship [3]. Most RDs have a
genetic or congenital cause, and over half of patients with RDs
have varying degrees of disabilities [4]. The burden of disease
management and income decrease due to the disorders have
resulted in poverty being a common experience for families
coping with RDs[5]. Therefore, RDs have become an essential
concernin public health, attracting substantial research attention.

Disease surveillance (ie, detecting the incidences of diseases)
is a common but crucial method for understanding RDs [6].
Traditional surveillance registries are based on consistent case
reporting from workers in ubiquitous surveillance systems[7].
However, RDsincidence detection is challenging for traditional
registry systems for several reasons: (1) the diagnosis of most
RDs is extremely complicated, and it takes approximately 6-8
years to get an accurate diagnosis [2], resulting in complex
registry records of RD patients; (2) different RDs belong to
different clinical departments or systems, making it difficult to
integrate data from various registry institutions; and (3) the
cases of RDs are so scarce that maintaining timely reports will
be a resource-intensive task.

Therefore, researchers have been seeking to detect or estimate
the incidences of RDs with indirect information. For instance,
various international and national platforms were constructed
for collecting RD knowledge and incidences [6,8,9].

With the development of the internet, atremendous amount of
data was created online. Infoveillance (ie, using online
information for syndromic surveillance [10]) has been
successfully applied in many studies [11]. Diverse sources of
online datagreatly enrich theinformation for disease estimation,
such asWikipediaviews[12], Newsviews[13], medical forum
blogs [14], and search engine data [15].

Nevertheless, to our knowledge, no study has yet explored the
possibility of using infoveillance data in RD incidences
estimation, and the existing research has not paid attention to
the context information of disease-related data in the online
environment, such as searching sessions in the search engines.
However, comparing online search data to RD incidences and
further estimating RD incidences is beneficial. Search engine

https://infodemiology.jmir.org/2023/1/e42721

datawill locate the patients and families from the source, which
is more convenient than a multiround clinical diagnosis and
registry. In addition, search engines provide unlimited
information, which can be used to break the barriers between
RDs in different clinical departments. Hence, search engine
data can make it possible to estimate multiple RDs in multiple
locations simultaneously.

Prior Work

Becausefew studies have focused on estimating RD incidences
with online information, we reviewed prior research about
employing online datain detecting or estimating epidemic and
chronic diseases, and evaluated their differences with respect
to RD incidences estimation.

Since the spread of epidemic diseaseswill cause an increase of
related online searches, severa studies have focused on the
detection and prediction of epidemic diseasesusinginfoveillance
methods[16]. The new approaches began with estimating trends
of influenza[15,17]. Subsequently, the query volume of search
engines has been widely used to detect flu [18,19], dengue[20],
pandemic HIN1 [21], and other diseases. Beyond search data,
Xu et a [22] further considered the influence of news, which
was used to detect occurrences of hand-foot-and-mouth disease
with related queries, news clicks, and page clicks, improving
the disease detection performance. In recent years, geographical
information has been considered for infoveillance. Researchers
tried to predict flu trends in multiple locations simultaneously
[19,23] or transferred atrained disease prediction model to new
regions [24]. During the ongoing COVID-19 pandemic, web
search data have also shown great utility in disease surveillance
[25-27].

In addition to epidemics, infoveillance has also been utilized in
chronic diseases and other disorders. Ram et a [28] tried to
estimate the number of asthma patients at a specific hospital
with data from Google Trends, Twitter, and nearby air quality.
Correlation analysis between eye disease trends and related
gueries showed a significant interrelationship between disease
cases and online data [29]. Tkachenko et al [30] revealed that
Google Trends could detect early signs of diabetes by
monitoring combinations of keywordsin online search queries.
Sleep disorders[31] and mental health problems[32] werealso
found to be related to search volumes.

These previousworks on epidemics and chronic diseases showed
great successes of infoveillance, which inspired us to apply
search datafor RDsincidence estimation. Nevertheless, existing
methods cannot be used directly for RDs because RDs
remarkably differ from epidemics or common chronic diseases.
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In all previous studies based on search engine data,
disease-related queries were extracted and the number (volume)
of queries was used as the model input. However, RD-related
search behaviors may be caused by cyberchondria (ie, an
unfounded escalation of anxiety about common
symptomatology), as search engines can potentially escalate
medical concerns [33]. Our experiment also revealed that
RD-related search behaviors are sparse, and only a minority of
them are actually based on a concern about RDs. Therefore,
besides query numbers, moreinformation related to users' search
processis needed for accurate RDs estimation.

Objective
Theaim of this study wasto estimate theincidences of multiple
RDs in distinct regions using search engine data.

As RD-related search behaviors are sparse and comple, it is
not suitable to utilize RD-related query numbers directly for
RD incidence estimation. Therefore, we designed a two-step
machine learning method to estimate RD incidences with the
volume of search sessions that concern RDs. The RD-related
queries were sedlected by matching the search logs with
RD-specific keywords. The search sessions were constructed
with the queries submitted in the period before and after the
RD-related queries.

The two-step method is as follows. In the first step, the intents
of search sessions are predicted. Users’ search intents indicate
their purpose when querying RD-related questions on the search
engine. The intents vary when the users mention RD-related
gueries in the session, such as seeking medical resources for
patients, learning about news, searching for answersto medical
assignments, and out of curiosity. By identifying sessions
specifically concerned with RDs, we could filter out the noise
from the RD-related search data effectively. In the second step,
theincidences of multiple RDsare estimated in multiple regions
with the volume of different session intents. RD incidences
could be estimated more accurately with the filtered session
numbers. Following previous works on disease detection with

Lietd

search enginedata[15,23,24,34], linear regression (L R) without
autoregressive modeling of historicall RD incidences was
considered when estimating RD incidences from search session
intents.

The novel aspects of this study are two-fold. First, to our best
knowledge, this is the first study to utilize search engine data
in the estimation of multiple RD incidences, paving a new
direction for improved understanding of RDs. This study
therefore provides a helpful supplement to traditional RD
registry systems. Second, the proposed approach introduces
search sessions, especially session intents, into search
engine-based infoveillance. The experimental results showed
significant improvement when session intents were considered.
The search session information could also be applied for the
infoveillance of other diseases.

Methods

Overview and Framework

In this study, a two-step method was designed to estimate the
incidences of RDs from search engine data. The first step was
to distill RD-related search sessions and predict their intents
into three categories. RD-concerned, news-concerned, and
others. The second step wasto estimate multiple RD incidences
based on the volume of RD-concerned sessions and
news-concerned sessions. Figure 1 shows an overview
framework of the proposed two-step method.

The method was applied to search data of 15 RDsin 4 regions
in Chinaduring 16 seasons from 2016 to 2019. To evaluate the
results, we compared the estimated incidences with RD
incidences collected from China's national multicenter clinical
database of RDs [5].

Below, we describe the clinical RD incidences data (ie, the
ground truth) and search data, followed by descriptions of the
first and second steps in more detail, and the experimental
settings.

Figure 1. Overview framework of the two-step rare disease (RD) incidences estimation method.
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RD Types and I ncidences

All dataused in this study were anonymized statistics. A medical
professional in the RD scenario helped us select RDs from the
Compendium of China sFirst List of Rare Diseases (2018) [35].
A total of 15 RDs were selected, containing diseases from
diverse departments and had stable long-term datain the registry
database. Names and the types of the 15 RDs are listed in
Multimedia Appendix 1. More details about the experiments
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evaluating theinfluence of RD typesare provided in Multimedia
Appendix 2.

We obtained the clinical RD incidences data from China's
national multicenter clinical database of RDs[5]. The data set
included anonymized confirmed RD cases from 2016 to 2019
reported by more than 300 hospitals across China. The cases
were grouped by their diseases (1 of 15 RDs), confirmed time
(16 seasonsfor 2016-2019), and permanent residence locations
(one of the four regions in China's mainland [36]). The RD
incidences were determined by dividing the case numbers by
the regional population. Ultimately, we obtained incidences of
the 15 RDsin 16 seasons (ie, 4 years) in four regionsin China.

Online Search Data

We collected RD-related queries and their clicked documents
from Sogou, one of the top-3 commercial search engines in
China. The data were completely anonymized and no
personalized information was collected. The side information
included the search time and province located by |P address.
No specific location was recorded.

First, we collected multisource medical knowledge to form
keywords for each RD. Three levels of keywords, ranked by
how closely they were associated with the RDs, were considered
in our experiments: level 1 included RD-specific keywords,
which helped to locate RD-related queries precisely from
massive irrelevant queries, level 2 included RD-related
nonspecific keywords to indicate how close the queries were
related to an RD; and level 3 comprised general medical
keywords, which helped determine whether the queries were
likely to have medical-related concerns. Experts provided
specific keywords about each RD, including disease names,
specific genes, and specific treatments, which were defined as
level 1 keywords. Based on China's Guide for the Diagnosis
and Treatment of Rare Diseases (2019) [37], we extracted
symptoms and pleiotropic treatments for each RD as level 2
keywords. An open medical lexicon [38] on general medical
knowledge was treated as level 3 keywords. The lists of level
1 and level 2 keywords are provided in Multimedia Appendix
3, and thelevel 3 keywords are available from the open lexicon
[38].

We matched and saved all queries that contained each level 1
keyword (corresponding to RD names, specific genes, or specific
treatments) from all logs of the Sogou search database from
2016 to 2019. Search queries from all level 1 keywords were
then merged to constitute the Query Set Q, including 2,749,257
queries related to 15 RDs. Q could be divided into three
categories according to the matched keyword types: 2,615,272
name-related queries, 50,022 gene-related queries, and 83,963
treatment-related queries.

Finally, we introduced the session in users search process,
where a sequence of queries submitted by the same user within
30 minutes formed a session. To be specific, for each query q
in Query Set Q for a user u, we backtracked u's query logs
before query g until the interval between a certain query g and
the previous query was greater than 30 minutes, and query ds
was then taken as the beginning of the session. We traced u's
query logs after q until the interval between a certain query ¢,

https://infodemiology.jmir.org/2023/1/e42721
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and the next query was greater than 30 minutes, and query g,
was then taken asthe end of the session. Inthisway, al sessions
with at least one query in Q were distilled as the RD-related
Session Set S including 1,769,986 sessions. All queriesin S
were then marked with the highest-level keywords they
contained. Queries containing level 1 keywords were selected
as the key queriesin the session. In thisway, for each query in
S, we collected the documents that the user clicked under the
guery. Dueto privacy concerns, we only used the URL domains
and positions (ie, the rank of the document in the list searched
by the query) of the documents.

Session I ntent Prediction

Session I ntent

Session intent predictionisthefirst step of our two-step method,
which serves to recognize the user intent behind each session
in Session Set S providing inputs for the second step. Users
search intents varied when using the search engine [39].
Although sessions in S all mentioned RD-related keywords,
they might not come from RD patients or their family members
who actually care about RDs. For instance, users might be
searching for news, homework assignments, or just out of
curiosity. Therefore, it is necessary to distinguish session intents
(ie, users intents when querying the sessions) in Session Set S
We grouped onintentsinto three categories: RD-concerned,
news-concerned, and others. It was considered particularly
important to distinguish the news-concerned sessions because
breaking news would substantially increase the overall search
volume, which would consequently influence the correlation
between search volume and disease incidences [22].

Feature Extraction

Session-level features and sequences of query-level features
were extracted for each session in Sfor predicting the session
intent, considering both statistical featuresand semantic features.

The session-level and query-level statistical features are shown
in Table 1. Among them, the Word freq_change indicated
whether aword appeared intensively in queries during a given
period. Thisisahelpful feature to distinguish news-concerned
sessions since breaking news will increase the frequency of
some uncommon words. The word frequency change C(w;, t,)

of aword w; in period (ie, season) t, is defined as:

C(w;, t)=[n(w;, tk)+a]/[sz:1n(Wia tj)/K+a]
where n(w;, t,) isthe word frequency of w; in period t;, K isthe
number of periods, and a=1 for smoothing. At the query level,
Word_freq_changeisthe mean value of al wordsin the query.
At the session level, this feature represents the mean value of
al queriesin the session.

Both query and document semantic meanings were considered
for the semantic features. The frequency of words and document
URL domains were calculated separately for each of the three
session intent classes. The words and URLs with a high
frequency for oneintent class and low frequenciesfor the other
two classes were then selected as intent-specific words and
URLSs. Thetop 5 intent-specific words and URL s of each intent
were selected, forming a set of 15 words and 15 URLs. A
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30-dimension session-level vector was then used as a session
feature to represent whether each word or URL appeared in a
session. Moreover, whether level 1 keywords of each RD
appeared in aquery was represented with amultihot embedding
vector of length 15 (ie, 15 RDsin the data set) asaquery feature.

Table 1. Statistical features used for predicting session intents.

Lietd

Finally, for a session § containing n; queries, session-level

features were concatenated as a vector, E, including 8
dimensions for statistical features and 30 dimensions for
semantic features, and query-level features formed a feature

sequence E, where @ is the feature vector of the mth query.

Feature name Category Description

Session_len Session Session length (ie, number of queriesin a session)

Query_type Query Level of query (ie, the highest-level keywords a query contains)

Key_num Session Number of key (ie, level 1) queriesin asession

Q2_num Session Number of level 2 queriesin asession

Q3_num Session Number of level 3 queriesin asession

Query _len Query Query length (ie, number of wordsin a query)

Click_num Query Number of clicked documentsin a query

Sum_click_num Session Number of clicked documentsin a session

Position_max Query Maximum position of clicked documentsin the ranking list (set to 0 if no document is clicked)
All_position_max Session Maximum of Position_max of all queriesin asession

Position_mean Query Average position of clicked documentsin the ranking list
All_position_mean Session Average of Position_mean of all queries with clicked documentsin a session
Word_freg_change Query Average word frequency change of all wordsin aquery
All_word_freq_change Session Average of Word_freq_change of all queriesin asession

Model Construction

After both sequential features E and vector features E were
extracted for intent prediction, a combination of the long
short-term memory (LSTM) and multilayer perceptron (MLP)
algorithms was used to predict the session intents. The LSTM
model is a recurrent neural network that is widely applied for

modeling time-series datawhen the features are sequential [40].
In our work, an LSTM model was employed to transform the

sequential features El into a vector E. Subsequently, [E] and

E were concatenated and fed into a 1-layer MLP model with
arectified linear unit (ReLU) asan activation function to predict
the session intents. The model structure is shown in Figure 2.

Figure2. Model structure for session intent prediction. LSTM: long short-term memory; MLP: multilayer perceptron; ReL U: rectified linear unit.
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Multiple RD Incidences Estimation

I nput and Output Construction

To conduct the experiments on incidences estimation for 15
RDsin 16 seasons (ie, 4 years from 2016 to 2019) in 4 regions

Lietd

in China, we constructed the input and output of the second step
for multiple RD incidences estimation as shown in Textbox 1.

For the ground truth labels, since the RDs incidence was very
low (usualy on the 1e—6 order of magnitude), the incidence
was rescaled so that the maximum incidence was equal to 1.

Textbox 1. Input and output for multiple rare disease (RD) incidence estimation.

Input
«  number of RD-concerned sessions Xgj (d;, Ij, t)

«  number of news-concerned sessions X (d;, 1, t)

Output

estimated incidence of RD (dj, Ij, ti), where d;, Ij, and ty indicate the ith RD, jth region, and kth period, respectively

LR Model on Multiple RDs and Regions

Following previous research in infoveillance [15,25,34], we
chose LR to estimate the incidences of multiple RDs. As the
task wasto estimate the incidences of multiple RDsin multiple
regions, three variants of LR were constructed as incidence
estimators.

The first LR model was a general LR, with al of the different
RDs and regions estimated with the same set of parameters:

9(d;, 1}, t)=0gX(dh, iy t)+0Xe(di, 1j, 1) +B,
where ay, o, and 3 are learnable parameters.

The second LR model was an LR with specific parameters for
disease (LR Spec. D. for short), where estimators of the same
RD share parameters:

$(d, 1, t)=0g(di)Xg(dh, 1, 1) +00,(0)Xn(d, 1, 1) +B(ck)
and a4(d,) and B(d;) indicate the |earnable parameters for the
RD d.

Thelast LR model adopted specific parametersfor both disease
and regions (LR Spec. D. L. for short):

9(d;, 1}, t)=04(ch)Og(1))Xsa(d;, 1, ti)+an(ch) B (1))Xsn(dli,

lj t)+B(d) P(l;)
where ay4(d;) and 3(d;) are parametersfor disease d;, and 6,4(l;)
and ®(l;) are parameters for region ;. All parameters are
learnablein training the LR Spec. D. L. model.

Usefulness of News-Concerned I ntentsfor RD | ncidence
Estimation

In RDsincidence estimation with session input, news-concerned
intents were used as input for the LR models. We aimed to
analyze the usefulness of the weights considering news about
different diseases (d;) and regions (I;)) in LR Spec. D. L. (ie,
Us(d)Bs(l))) by displaying their values and distribution.
Moreover, to explore how news-concerned sessions affect RDs
incidence estimation dynamically, we tried to find RDs with
outbreak news in 2018 and 2019, and display their session
numbers, true incidences, and predicted incidences during the
study period. In this way, we could illustrate how the
news-specific parameters hel ped reduce the influence of asurge

https://infodemiology.jmir.org/2023/1/e42721

in query volume caused by outbreak news. In the experiment,
we selected two diseases: Disease 1 (multiple sclerosis [MS])
and Disease 5 (amyotrophic lateral sclerosis [ALS]). MS
represents a class of diseases that has received relatively less
attention but gradually attracted public attention, which had
related queries on around May 30 every year (ie, International
MS Day). ALS isarelatively well-known RD with thousands
of RD-concerned and news-concerned sessions, which attracted
massive attention when Stephen William Hawking, a
world-famous physicist who had AL S, died on March 14, 2018.

Evaluation Settings

Evaluation for Session I ntent Prediction (Step 1)

Supervised training was employed to train the session intent
prediction model in Figure 2. For the ground truth, a subset
Sino Was selected from the session data set S to annotate
manually. One hundred sessions were randomly selected from
each month in 2016 and 2017, forming an S,,,, data set of size
2400. Three annotators then labeled the sessions with one of
the three intents: RD-concerned, news-concerned, and others.
The final intent was voted on by the three annotators. The k
value [41] of the annotations was 0.719, indicating substantial
consistency of annotating. Among the 2400 annotated sessions,
502 were RD-concerned, 143 were news-concerned, and 1755
belonged to the others category. Thus, aconsiderable percentage
of sessions were not RD-concerned, indicating that it is
necessary to distinguish the session intents. The 2400 sessions
were randomly divided into a training set, validation set, and
test set at an 8:1:1 ratio.

For modd implementation, Python 3.6.13 was used for modeling
and evaluation. Pytorch 1.7.1 was used as the framework for
training the models. Macro-F1, accuracy, and F1 scoresfor each
intent were used for performance evaluation.

Evaluation of Multiple RDs | ncidence Estimation (Step
2)

For comparison, we also constructed query data astheinput for
RDs incidence estimation. The query input comprised the
numbers of hame-related, gene-related, and treatment-related
queries of different RDs, regions, and periods. The structures
of LR variantsfor the query input are the same as the equations
presented in the previous subsection.
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We compared different input types and LR models on the data
set from 2016 to 2019, where datain 2016 and 2017 constituted
the training set, data in 2018 served as the validation set, and
datain 2019 served as the test set. The root mean square error
(RMSE) and relative error rate (RER) were utilized for
performance evaluation to obtain both the absolute error and
relative error of the models:

@
@

where yp,e(di, 1, ty) is the predicted output of LR models.

All experiments were conducted in the Python 3.6.13
environment and al methods were implemented with the
Pytorch 1.7.1 library. Models were trained with the Adam
optimizer until convergence on the validation set with a
maximum of 1000 epochs.

Results

Summary Statisticsof RDsIncidenceand RD-Related
Search Data

In genera, the RDsincidence data set included more than 80,000
incidences from 2016 to 2019 in China (due to data privacy
concerns, the specific number of incidences is not reported).
The RD-related search data set included 2,749,257 RD-related
gueriesand 1,769,986 sessionsfrom 1,380,186 users. It isworth
noting that repeated search was not a serious problem in our
data set. On average, each user had 1.282 sessions, most users
(n=1,193,362, 86.46%) had only one session, and 97.75%
(n=1,349,105) of users contributed lessthan four sessions. This
is mainly due to two reasons. First, the sessions grouped
RD-related search queries that were submitted by a user over a
short period of time; therefore, repeated sessions were less
common for RD patients in our data set. Second, we distilled
RD-related sessions by specific keywords for RDs (ie, level 1
keywords), and the provided results might be sufficiently clear
that there was no need to repeat the search. Therefore, we
adopted the intent prediction and incidence estimation tasks at
the session level rather than the user level.

Furthermore, we considered four regionsin our data set, which
divided 31 provincesin China s mainland into four parts: East,
West, Central, and Northeast. The populations of the four
regions were 535.6 million, 378.1 million, 369.9 million, and
108.5 million, with gross domestic products of 7109 billion
dollar, 2752 billion dollar, 2899 billion dollar, and 797 billion
dollar, respectively (average of 4 years). In the RDs incidence
data set, the sum of the incidences of 15 RDs was the highest
in the West, followed by the East, Central, and Northeast
regions. Theincidence of different RDs varied among the four
regions. For instance, MS and hemophilia had the largest
incidences in the West, whereas AL S was the most frequently
registered disease in the East. In the RD-related search data set,
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the average session and query numbers of the 4 years were
225,906.5 and 1,023,152.0 for the East; 91,357.5 and 413,361.3
for the West; 94,151.8 and 429,708.5 for the Central region;
and 31,080.8 and 141,278.0 for the Northeast, respectively.

Generally, the East had the largest population, the most
developed economy, and, accordingly, the highest number of
gueries and sessions. Overall, the session volume was
proportional to the population. However, regional reported RD
incidences and population did not always match, since the
incidence of an RD in a given region might relate to whether it
isafamily genetic disease in the region, the diagnosistechnique
of the disease in that region, and other factors. Therefore, we
considered the effect of region variables on the RD incidence
estimation specifically.

Per for mance of Session Intent Prediction

The first-step session intent prediction was evaluated with the
human-annotated test set of 240 sessions. In the three-category
classification task, the model had a macro-F1 value of 0.452
and an accuracy of 0.682 on the test set. The F1 scores for
RD-concerned sessions, news-concerned sessions, and other
sessions were 0.397, 0.353, and 0.606, respectively. Some
representative sessions with different intents are shown in
Multimedia Appendix 4. All of the sessions were correctly
predicted with the intent prediction model.

Finally, the model was applied to predict the intents of all
1,769,986 sessions in Session Set S resulting in 426,031
RD-concerned sessions, 115,016 news-concerned sessions, and
1,228,939 other sessions. The RD-concerned and
news-concerned sessions were grouped by their RDs, regions,
and periods to form the session inputs xg(d;, Ij, ti) and Xg(d;, 1,
t,) for comparing and estimating RDs incidence.

Perfor mance of I ncidence Estimation

Overall Performance

The incidence estimation results of different input types and
LR modelsare shown in Table 2. Each experiment was repeated
five times with different random seeds, and the average result
and 95% Cls are reported. The null hypothesis was that there
was no difference between the estimation results using query
and session as the input. A two-sided t-test was performed on
the results with different input types on the same model, and
the P values are also reported in Table 2.

Session input had significantly better performance than query
input on al models and metrics, which indicated the usefulness
of considering search session intents in the RDs incidence
estimation task. Comparing different models, LR Spec. D. L.
exhibited the best performance, with RER=0.365 on session
input and RER=0.511 on query input. However, the 95% ClI
waslarge. Theinstability was mainly dueto therelatively large
number of parameters in LR Spec. D. L. Further detailed
comparison between session input and query input are shown
in Multimedia Appendix 5.
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Table2. Relative error rate (RER) and root mean square error (RM SE) of rare disease incidence prediction with different linear regression (LR) models
and input types.
Model RER RMSE
Average value (95% ClI) P value Average value (95% CI) P vaue
General LR
Query input 0.998 (0.997-0.999) <.001 0.042 (0.042-0.042) <.001
Session input 0.864 (0.848-0.879) 0.039 (0.03-0.039)
LR Spec. D.2
Query input 0.887 (0.872-0.903) <.001 0.037 (0.037-0.038) <.001
Session input 0.720 (0.676-0.764) 0.030 (0.028-0.032)
LR Spec.D.L.P
Query input 0.511 (0.377-0.645) .01 0.023 (0.017-0.029) .008
Session input 0.365 (0.341-0.388) 0.017 (0.016-0.017)

85pec. D.: specific disease.
bSpec. D. L.: specific disease and location.

Usefulness of News-Concerned I ntentsfor RDs
I ncidence Estimation

The weights considering news about different diseases d; and
regions |; in the LR Spec. D. L. mode! (ie, a4(d)64(l;)) are
shown in Figure 3. The weights of news-concerned sessions
were primarily negative, which confirmed our hypothesis that
the effect of news should be deducted from the disease
estimation, consistent with the findings of Xu et a [22]. The
two outliers were Diseases 1 and 6, which had very small but
positive parameters. There were too few news-concerned
sessions (a few dozen) for these two diseases, and therefore
they had little impact on the results. Moreover, since the
volumes of search sessions and incidence were distinct, the
magnitude of parameters varied among RDs.

To explore how news-concerned sessions affect RDs incidence
estimation dynamicaly, we display two cases of RDs for

Disease 1 (MS) and Disease 5 (ALS) in Figure 4.
News-concerned session numbers, RD-concerned session
numbers, and the true and predicted incidence (hormalized to
the range of 0 to 1) of RDs for each season during 2018 and
2019 are shown. Figure 4 demonstratesthat outbreak news could
be predicted with the intent prediction model, and the predicted
incidence was corrected from the high query volume when the
news-concerned sessions were considered. For M S, two peaks
in news-concerned session numbers arosein the second seasons
of 2018 and 2019 around May 30, International MS Day. By
contrast, since the MS incidence was certainly not affected by
MS Day, considering news-concerned sessions would reduce
noise in session numbers for incidence estimation.
News-concerned AL S sessions showed anoticeable peak in the
1st season in 2018, after Stephen William Hawking died on
March 14, 2018. After considering the number of
news-concerned sessions, the result was less affected by the
outbreak news.

Figure 3. Weights of news-concerned session numbersin estimating the rare diseases incidence with the linear regression specific disease and location

(LR Spec. D. L.) model.
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Figure4. News-concerned session numbers, rare disease (RD)-concerned session numbers, and RDstrueincidence and predicted incidence (normalized
to therange of O to 1) of each season during 2018 and 2019 for Disease 1 (multiple sclerosis) and Disease 5 (amyotrophic lateral sclerosis).
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Discussion

Principal Findings

The RD incidence estimation experiment on 15 RDsin 4 regions
of Chinashowed that RDs could be estimated with search engine
logs, especially search session data. The RER of RDsincidence
estimation was 0.365 for the session input and 0.511 for the
guery input. Considering the sparsity of RD cases, the RDs
incidence estimation performance is encouraging.

Thefirst step predicted session intentswith adeep neural model.
The prediction results indicated the necessity to distinguish the
user intentsin searching sessions. Among 1,769,986 RD-rel ated
sessions, only 426,031 (24.07%) were RD-concerned and
1,228,939 (69.43%) belonged to other intents. By identifying
sessions concerned with RDs, irrelevant querieswere effectively
filtered from the data.

The second step, multiple RDs incidence estimation with LR,
demonstrated that considering the volume of sessions rather
than RD-related queries was significantly more helpful for
disease estimation in most RDs and regions, as shown in Table
2 and Multimedia Appendix 5. Compared with queries, session
intents helped estimate RDs incidence with an error decrease
of 28.57% in terms of RER (P=.01). This illustrates the
significant contribution of considering search sessions with
more context for RD incidence detection. Moreover, as shown
in Figure 3 and Figure 4, considering news-concerned session
numbersin RDsincidence estimation was necessary and hel pful.
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When we considered the types of RDs (Multimedia Appendix
2), no significant differences were revealed between the
similarity within each RD type and the similarity between
different types. Adding RD type-specific parameters to the
incidence estimation model also did not improve performance.
Since the incidence and search query for RDs were both too
sparse, their distributions might be less correlated with RD
types. Moreover, RDs are often associated with genetics, and
genetic variants vary among RDs of the same types, resulting
in different distributions. The role of RD types is therefore
considered to be relatively less important in RD-related
infoveillance.

Comparison With Prior Work

To our knowledge, this study is the first to apply infoveillance
in RDs incidence estimation, which provides a novel method
to understand RDs. Compared with prior research on utilizing
search engine data to estimate other diseases, a novel aspect of
this study is that we considered the session context about
disease-related queries and then utilized session intents to
replace query volume for disease incidence estimation. Session
inputs showed significant improvement on the RDs incidence
estimation task. Although the sparsity of RD-related queries
inspired the use of session information, the two-step method
can be effectively transferred to other search engine-based
disease detection and estimation tasks, as datanoise pervasively
exists online.
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Limitations

This study has several limitations. First, the current data from
the national multicenter clinical database of RDswere collected
by retrospective reports. Due to the difficulty of RD diagnosis
and the limited support of International Classification of
Diseases 10th Revision codes for RDs, there might be delayed
or unreported cases in the database. Therefore, the
overestimations of incidence might reflect unreported cases,
which was neglected in our analysis and discussions. In the
future, it would be helpful to revisit patients in overestimated
RDs and regions with privacy protection.

Second, 15 RDs with stable long-term data in the registry
database were utilized for our experiments. These experiments
could be applied to other RDs, whereas some RDs might not
be estimated with our proposed methods, such as those with
unclear symptoms, too low incidence, and low public awareness.
Extending this method to more RDs and finding the boundary
is promising future work.

Third, the level 1 keywords used for matching RD-related
queries were provided by medica experts, which was
time-consuming and might reflect knowledge bias. Inthe future,
we will test automatic keyword discovery methods for
RD-related keyword discovery.

Finally, asimple combination of LSTM and ML P was adopted
for intent prediction in thisstudy asthefirst attempt to integrate
session intentsin RDsincidence estimation. Since the numbers
of RD-concerned and news-concerned sessions were much
smaller than the numbers of sessions about other intents, the F1
scores of intent prediction about RD-concerned and
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news-concerned sessions were limited (0.397 and 0.353,
respectively). Although challenging, accurate intent prediction
is essential for capturing RD-concerned sessions precisely.
Therefore, we aim to design neural predictors with more
sophisticated network structures and more features about the
sessions and queries to improve the session intent prediction
accuracy, especially for RD-concerned and news-concerned
Sessions.

Conclusions

In this study, an experiment on multiple RDsin multipleregions
showed that it is possibleto estimate RDsincidence with online
search engine data. The two-step estimation method illustrates
promising performance improvement when session intents are
considered in the RDs incidence estimation task. The use of
session information can be transferred to infoveillance on other
diseases.

This study did not aim to replace the clinica RD registry
systems with search engine-based estimation. The two-step
RDs incidence estimation model was designed as a supplement
and prewarning method. For instance, if the model overestimates
an RD in aregion, this can remind experts of possible missing
recordsfrom clinical registriesor lack of medical supportinthe
region. This method could help provide information for
allocating medical resources and RD-related policy-making in
thefuture. Moreover, with privacy protection, the method could
offer adviceto RD-concerned users of appropriate medical aids
such as hospitals or institutes specialized in certain RDs. In
conclusion, this study provides a promising method for
understanding and locating RDs.
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LR: linear regression

L STM: long short-term memory
ML P: multilayer perceptron
MS: multiple sclerosis

RD: rare disease

ReL U: rectified linear unit
RER: relative error rate

RM SE: root mean square error
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Abstract

Background: COVID-19 severity isamplified among individual s with obesity, which may have influenced mainstream media
coverage of the disease by both improving understanding of the condition and increasing weight-related stigma.

Objective: We aimed to measure obesity-related conversations on Facebook and Instagram around key dates during the first
year of the COVID-19 pandemic.

Methods: Public Facebook and Instagram posts were extracted for 29-day windows in 2020 around January 28 (the first US
COVID-19 case), March 11 (when COVID-19 was declared a global pandemic), May 19 (when obesity and COVID-19 were
linked in mainstream media), and October 2 (when former US president Trump contracted COV ID-19 and obesity was mentioned
most frequently in the mainstream media). Trendsin daily posts and corresponding interactions were evaluated using interrupted
time series. The 10 most frequent obesity-related topics on each platform were also examined.

Results: On Facebook, there was atemporary increase in 2020 in obesity-related posts and interactions on May 19 (posts +405,
95% Cl 166 to 645; interactions +294,930, 95% Cl 125,986 to 463,874) and October 2 (posts +639, 95% Cl 359 to 883; interactions
+182,814, 95% CI 160,524 to 205,105). On Instagram, there were temporary increases in 2020 only in interactions on May 19
(+226,017, 95% CI 107,323 to 344,708) and October 2 (+156,974, 95% CI 89,757 to 224,192). Similar trends were not observed
in controls. Five of the most frequent topics overlapped (COVID-19, bariatric surgery, weight loss stories, pediatric obesity, and
sleep); additional topics specific to each platform included diet fads, food groups, and clickbait.

Conclusions: Social media conversations surged in response to obesity-related public health news. Conversations contained
both clinical and commercial content of possibly dubious accuracy. Our findings support the idea that major public health
announcements may coincide with the spread of health-related content (truthful or otherwise) on social media.

(IMIR Infodemiology 2023;3:e40005) doi:10.2196/40005
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Introduction

The SARS-CoV-2 virus and COVID-19 pandemic have
fundamentally changed society. Thefirst US case was reported
on January 20, 2020, and the World Health Organization (WHO)
declared COVID-19 aglobal pandemic on March 11. COVID-19
is an infectious respiratory disease associated with a range of
symptoms, and severity may be amplified in individuals with
chronic, preexisting conditions such as obesity. This link was
first reported in the spring of 2020, and studies have estimated
that obesity may increase the risk of hospitalization due to
COVID-19 between 7% and 33% and death by 8%t0 61%/1,2].
Patients with severe obesity are particularly susceptible; for
example, studies have shown that these patients may have 7.36
higher odds of a need for invasive mechanical ventilation
compared to normal-weight patients [3].

US mainstream media coverage of the association between
COVID-19 severity and obesity peaked in October 2020, when
then US president Trump contracted COVID-19 [4,5]. Given
that the prevalence of obesity in the US now exceeds 40%, it
is imperative to understand how discourse about the disease
evolved both temporally and topically throughout the early
stages of the pandemic [6]. Such knowledge can further
elucidate how maor events impact the public dialogue
surrounding achronic disease. On one hand, increased attention
to obesity by the public may further understanding of obesity
prevention and treatment; on the other hand, repeated negative
portrayals of the disease, especialy in the mainstream media,
may amplify weight-related stigma[7].

Social media enables the documentation of heterogeneous
opinions in near real time, making it an attractive avenue to
assess shiftsin opinion in responseto major events. In particul ar,
Facebook and Instagram are two popular social mediaplatforms
that were accessed by 70% and 59% of Americans on a daily
basis in 2021, respectively [8]. The frequent use of these
platforms by the public makes an evaluation of their content
especialy salient. While previous work on obesity discourse
on these platforms during the pandemic has evaluated a small
fraction of content, there hasyet to be acomprehensive analysis
of alarge sample of public-facing content [9-11]. Reviewing a
wide range of content on both Facebook and Instagram can
further elucidate the interplay between mainstream and social
media dialogue in the context of chronic diseases. Thus, the
purpose of this study was to explore temporal and topical
variationsin obesity-related content on Facebook and Instagram
throughout thefirst year of the pandemic to better contextualize
theinterplay between news mediaand public discourse asrelated
to COVID-19 and obesity.

Methods

Overview

Thisstudy included temporal and topical analysesto characterize
how obesity-related content evolved on Facebook and | nstagram
surrounding 4 major events related to COVID-19 in 2020. Two
dates were selected given their relevance to the broader
pandemic: January 20, the date of thefirst US case, and March
11, the date when the WHO declared COVID-19 a global
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pandemic. Two other dateswere directly related to obesity: May
19, the approximate date that obesity and COVID-19 were
linked, and October 2, the date when then US President Trump
contracted COVID-19 and obesity was most discussed in the
news media, according to data from Media Cloud, an
open-source content aggregation tool [12]. Tempora analysis
evaluated changes in the number of obesity-related posts and
interactions on each platform around those dates. Topic
modeling evaluated the 10 most frequent obesity-rel ated themes
on each platform, excluding content related to pet obesity.

Data Collection

Facebook and Instagram posts were collected from
CrowdTangle, a public insights tool owned and operated by
Facebook [13]. CrowdTangle's Facebook data encompassed
public pages with over 25,000 likes or followers, public groups
with over 95,000 members, US-based public groups with over
2000 members, and verified profiles (ie, user profiles that
confirm the“ authentic presence” of well-known public figures)
[14]. CrowdTangle's Instagram data encompassed public
profiles with over 50,000 followers and verified profiles [15].
All content in English between January 6, 2020, and October
16, 2020, that contained the words “obese” or “obesity” was
extracted. Health (“headache” or “migraine”) and nonhealth
(“clarinet”) control data were extracted for the same period.
Keywords for controls were chosen based on their perceived
independence from obesity and for posting frequency that was
within a degree of magnitude of the obesity data. For all
Facebook data, posts made on animal-specific pages were
removed; this kind of information was not available for
Instagram data. On Facebook, interactions were defined as any
kind of post reaction (such as likes or wows), comments, and
shares. On Instagram, interactions were defined as likes,
comments, and shares. When available, data aso included
metadata for the page, group, or profile on which the post was
made, such as the category of page or group (eg, new
organization, hospital).

Temporal Modeling

Interrupted time series analysis was performed for each date
using autoregressive integrated moving average (ARIMA)
models. This method was chosen given its ability to control for
highly cyclical and serially correlated data prior to each date
and model complex postevent effects using one or acombination
of transfer functions, including “pulse,” “step,” and “ramp”
effects[16]. A pulse effect is characterized as an instantaneous
increase on the day of the event followed by animmediate return
to pre-event levels, a step effect is characterized as an
instantaneous increase on the day of the event that is sustained
after the event, and a ramp effect is a slope characterizing a
differential rate of change in the outcome after the event [16].
All combinations of transfer functionswere eval uated in separate
models on the obesity data for a 29-day window around each
date (ie, 14 dayson either side of the event and the event itself).
A 2-week postevent period was chosen to ensure that the impact
of the event was captured. A shorter time window might not
have captured the full extent of the event’s effect, whilealonger
window might have increased the likelihood of including a
confounding event that would have precluded the ability to
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establish an association between the event of interest and the
change in behavior. The same length of time was chosen in the
pre-event period for symmetry.

Each model was developed using the auto.arima function in
the “forecast” package in R to identify p, d, and q parameters
[17]. Here, p represents the number of autoregressive lags (ie,
how many past values of the outcome are needed to predict the
current value), d represents the degree of nonseasonal
differencesto reach stationarity (with “stationarity” defined as
amean and variance independent of time), and g representsthe
number of lagged errorsrequired to predict the outcome (ie, the
number of lagsin the moving average component of the model).
The transfer functions in the model with the lowest
sample-corrected Akaike information criterion (AlCc) were
chosen for each date. Parameter selection for p, d, and g was
repeated for control models using the best transfer function set
from the obesity model. A sensitivity analysiswasrun on control
models using the same p and q parameters as the obesity
model—in all cases, AlCc values were higher, so only results
from the model with data-specific p and q values are presented
(Multimedia Appendix 1 includes both).

Topic Modeling

Obesity-related posts were clustered into various topics using
BERTopic, with a minimum topic size of 100 [18]. This
minimum topic size was chosen to balance the size and
similarity of the cluster. The BERTopic modeling process has
demonstrated performance improvements over classical topic
models, including latent Dirichlet alocation (LDA) and
nonnegative matrix factorization when applied to both social
media and public health data [19-23]. For example, a recent
publication by de Groot and colleagues [23] showed that
BERTopic generalizeswell to short text domains (such as social
media) and outperforms LDA in terms of coherence and
diversity of topics. BERTopic first extracts document
embeddings using bidirectional encoder representations from
transformers (BERT), which generates numerical representations
of textual datathat preserve the context of the original text [24].
Embeddings then undergo dimensionality reduction before
hierarchical clustering methods are applied to categorize them
into topics. BERTopic was used independently on Facebook
and Instagram data. Topic themes were assigned by a member
of the research team with expertise in obesity medicine via
qualitative examination of the top 3 exemplar points for each
topic (ie, content located in the densest area of each cluster).
Topics with exemplar posts that were focused on pet obesity
were excluded. Temporal modeling, as described above, was
conducted on the finalized set of top 10 topics.
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Pollack et a

For all analyses, a Bonferroni-adjusted critical value of P<.003
was chosen by dividing the typical P<.05 threshold by 16 (ie,
4 dates across 2 platforms with 2 types of content) to apply a
conservative adjustment for multiple comparisons. Topic
coherence was evaluated with ¢, coherence, whereby values
closer to 1 represent more intracluster similarity. Analyseswere
conducted in Python (version 3.8.8; Python Software
Foundation) and R (version 4.1.12; R Foundation) using Visual
Studio Code (version 1.63.2; Microsoft Corp) and RStudio
(version 2021.09.0; Posit Software), respectively.

Ethical Considerations

Institutional review board approval was not required for this
study given the public-facing nature of the social media data
used [25].

Results

Aggregate Analysis

Facebook

Between January 6 and October 16, 2020, there were 175,242
posts across 66,497 public Facebook pages, groups, and pages
in the CrowdTangle repository that contained the words
“obesity” or “obese.” Therewas no significant changein posting
behavior inthe 14 days after January 20 and March 11 compared
to the 14 days prior (Table 1). There was a significant pulse
(Ep,Z) effect on May 19 (ie, the approximate date when
COVID-19 and obesity werelinked), with atemporary increase
of 405 posts (95% Cl 166 to 645; P<.003). This was not

observed in the health control data (Ep,2:104, 95% CI -63.3

to 271; P=.224) or nonhealth control data (Epyzz87.4, 95% Cl
—23.710 198; P=.123). While the best model for this period also

included a step parameter (Iﬁs,z) for a sustained effect in the
14 days &fter the event, this was not significant at the
Bonferroni-adjusted threshold (@SZ:SOO, 95% CI 60.0t0 941;

P=.026). The October 2 model included a pulse (Epya) of 639

posts that was statistically significant (95% CI 359 to 883;
P<.003). Thiseffect was not observed in the health control data

(2 ,5=268, 95% Cl 87.1 to 450; P=.004) or nonhealth control

data (2 ,,=196, 95% Cl 27.4 to 364; P=.023) a the
Bonferroni-adjusted threshold. The ramp parameter in the 14
days after the event in the obesity model was also hot significant
at the Bonferroni-adjusted threshold (2!, ,=9.06, 95% CI 2.84
to 15.3; P=.004).
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Table 1. Autoregressive integrated moving average models for Facebook posts per day. Values in italics denote statistical significance at the
Bonferroni-adjusted threshold of P<.003.

Category/date (parameters) Estimate (95% Cl) P vaue?

Obesity

January 20, 2020 (p=0, d=0, g=1, Al CcP=341.24)

-3.00 (-12.0t0 6.03 515
Ramp (Er,o)C ( )
March 11, 2020 (p=5, d=2, g=0, Al Cc=367)
-126 (-322t0 70.3 .209
Pulse (Epyl)d ( )
May 19, 2020 ( p=0, d=1, g=1, AlCc=358.6 )
405 (166 to 645 <.003
Pulse (Epz) ( )
500 (60.0 to 941) .026
Step (IES,Z)E
October 2, 2020 ( p=3, d=0, g=0, AlCc=382.94 )
639 (395 to 883 <.003
Pulse (Ep,B) ( )
9.06 (2.84 t0 15.3) .004
Ramp (Er,S)
Health control data
January 20, 2020 (p=4, d=1, g=0, A1Cc=356.98)
—0.67 (-29.8t0 28.5) .964
Ramp (Er,o)
March 11, 2020 (p=0, d=1, g=0, Al Cc=360.43)
-14.5 (-208to 179 .883
Pulse (’Ep’l)e ( )
May 19, 2020 ( p=5, d=0, g=0, Al Cc=360.63 )
87.4 (-23.7t0 198 123
Pulse (Epz) ( )
—71.8 (-94.8t0-48.8) <.003
Step (IESZ)
October 2, 2020 (p=4, d=0, q=0, Al Cc=370.54)
196 (27.4 to 364 .023
—6.08 (-10.6 to —1.56) .008
Ramp (Er,S)
Nonhealth control data
January 20, 2020 (p=0, d=0, g=0, Al Cc=287.6)
0.20 (—2.00 to 2.40) .859
Ramp (Er,o)
March 11, 2020 (p=1, d=0, g=0, Al Cc=295.2)
-29.2 (-93.6t035.2 374
Pulse (Ep,l) ( )
May 19, 2020 (p=0, d=0, g=1, Al Cc=299.81)
2.88 (-58.3t064.1 .927
Pulse (Epz) ( )
—-17.0 (-54.0t0 20.0) .368
Step (IESZ)
October 2, 2020 (p=0, d=0, q=0, Al Cc=298.64)
—25.8 (—96.6t0 45.1 A76
Pulse (’Epyg) ( )
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Category/date (parameters) Estimate (95% Cl) P value?
—-0.95 (-3.51t0 1.60 464
Ramp (9 ( )

3P values based on an autoregressive integrated moving average model for Facebook posts per day in the specified data set with a Bonferroni-adjusted

significance threshold of P=.001.
balCe: sample-corrected Akaike information criterion.

®Ramp (wy) functions are 0 before theintervention and (t-T+1) after theintervention (wheret representsthe current day and T represents theintervention

date).

dpulse (o) functionsare 1 if it isthe day of the intervention and O al other days.

€Step (ws) functions are 0 before the intervention and 1 the day of and after the intervention.

Changes in interactions on obesity posts for the 14 days
following January 20 and March 11 were not significant (Table

2). On May 19, there were significant pulse (Ep12=294,930,

95% Cl 125,986 to 463,874; P<.003) and step (IES,2:473,247:
95% CI 235,680 to 711,814; P<.003) increases in interactions

not significant in either control. Theincluded ramp effect (Erlz)
in the obesity model was also not significant at the

Bonferroni-adjusted threshold (‘E 1 2=—38,596, 95% Cl —64,268
to —12.923; P=.003). The October 2 pulse effect (Ep,S) was

https://infodemiol ogy.jmir.org/2023/1/e40005

RenderX

significant in both the obesity model and health control data,
although there were approximately 5000 more interactions on

averageinthe obesity dataset (=, ;=182,814, 95% Cl 160,524
to 205,105; P<.003) relative to the health control data

(IEp’3:177,855, 95% Cl 96,952 to 258,758; P<.003). The best

model for this date also included a step parameter (Ess), but
it was not significant at the Bonferroni-adjusted threshold

(Ep,3:5791, 95% Cl 1449 to 10,134; P=.009).
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Table 2. Autoregressive integrated moving average models for Facebook interactions. Values in italics denote statistical significance at the
Bonferroni-adjusted threshold of P=.003.

Category/date (parameters) Estimate (95% Cl) P vaue?

Obesity

January 20, 2020 (p=2, d=1, =0, Al Cc°=691.73)

Step (ws, 0° —61,169 (-139,294 to 16,957) 125
March 11, 2020 (p=3, d=1, g=1, Al Cc=681.75)

Pulse (w, )9 —3298 (60,578 to 53,981) .910
May 19, 2020 (p=2, d=0, g=0, Al Cc=762.64)

Pulse (wp,2) 294,930 (125,986 to 463,874) <.003

Step (ws2) 473,247 (235,680 to 711,814) <.003

Ramp (6, )€ —38,596 (—64,268 to —12,923) .003
October 2, 2020 (p=3, d=0, g=0, Al Cc=661.31)

Pulse (o 3) 182,814 (160,524 to 205,105) <.003

Step (03 2) 5791 (1449 to 10,134) .009

Health control data

January 20, 2020 (p=2, d=1, g=0, Al Cc=667.46)

Step (ws,0) 37,827 (9152 to 84,807) 115
March 11, 2020 ( p=0, d=1, g=1, Al Cc=686.64 )

Pulse (1) 176,502 (93,695 to 259,308) <.003
May 19, 2020 (p=0, d=0, q=0, Al Cc=699.9)

Pulse (w 2) -10,492 (86,771 to 65,786) 787

Step (ws2) 1826 (—43,247 to 46,890) 937

Ramp (cy.2) —1139 (-5542 to 3265) 612
October 2, 2020 ( p=0, d=0, g=0, Al Cc=706.39 )

Pulse (o 3) 177,855 (96,952 to 258,758) <.003

Step (ws3) —49.6 (29,591 t0 29,492) 997

Nonhealth control data

January 20, 2020 (p=2, d=1, g=0, Al Cc=479.66)

Step (ws0) -107 (~1835 to 1621) 903
March 11, 2020 (p=0, d=0, g=0, Al Cc=504.12)

Pulse (1) —2189 (-4738 t0 359) 092
May 19, 2020 (p=1, d=2, q=0, Al Cc=491.06)

Pulse (p,2) —331 (~3632 to 2969) 844

Step (03 2) 377 (<5442 to 6196) .899

Ramp (wy 2) —589 (4759 to 3582) 782
October 2, 2020 (p=0, d=0, q=0, Al1Cc=484.48)

Pulse (wp,3) —138 (~1901 to 1626) 878

Step (ws3) 66.1 (578 to 710) 840

P values based on an autoregressiveintegrated moving average model for Facebook interactions per day in the specified data set with aBonferroni-adjusted
significance threshold of P=.001.

baicc: sample-corrected Akaike information criterion.

https://infodemiol ogy.jmir.org/2023/1/e40005 JMIR Infodemiology 2023 | vol. 3 | 40005 | p.77
(page number not for citation purposes)

RenderX


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

JMIR INFODEMIOLOGY

Pollack et a

Cstep (ws) functions are 0 before the intervention and 1 the day of and after the intervention.

Ipulse (o) functionsare 1 if it isthe day of the intervention and O al other days.

®Ramp (wy) functions are 0 before theintervention and (t—T+1) after theintervention (wheret representsthe current day and T represents theintervention

date).

I nstagram

Between January 6 and October 16, 2020, there were 18,129
posts across 3170 unique usernames in the CrowdTangle
repository containing “obese” or “obesity.” Of the 4 dates, only

a ramp effect after January 20 (Er,o) was significant
(), =—1.04, 95% CI —1.33 to —0.76; P<.003). There was a

pulse effect (‘E p2) OnMay 19 of approximately 61 (Epz:Bl.l,
95% CI 18.5 to 104; P=.005) additiona posts, athough this
was not significant at the Bonferroni-adjusted threshold. For
both dates, no significant effect was observed in the health
control or nonhealth control data (Multimedia Appendix 1). For

interactions, there was a pulse effect (‘E p2) ON May 19 of an
estimated 226,017 (95% Cl 107,323 to 344,708; P<.003)
additional interactionsrelativeto the surrounding window. This

was not observed in either the health control (EPYZ:—B,OOS,
95% Cl —218,774 to 192,764, P=.880) or nonhealth control

(2,,=2161, 95% Cl —35,026 to 39,349; P=.909) data

Similarly, therewas apulse (Epyg) of 156,974 (95% Cl 89,757

to 224,192; P<.003) additional interactions on obesity content
on October 2 not observed at the Bonferroni-adjusted threshold

in the health control (=, ,=-14,864; 95% CI —246,793 to

217,063; P=.900) or nonhealth control (‘E p3=26,307; 95% ClI
7774 10 44,840 P=.005) data.

Topic Analysis

Facebook—General Description

Of 175,242 obesity-related posts, 87,470 (49.9%) could not be
classified into atopic; a random sample of these can be found
in Multimedia A ppendix 2. The remaining posts were clustered
into 245 different topics with a ¢, topic coherency of 0.76. Of
the initial most frequent topics (Multimedia Appendix 2), 2
were removed because they were related to pet obesity, and 1
was removed becauseit consisted of 1 redundant post onamale
supplement not directly related to obesity. The remaining 10
largest topics contained 19,485 posts, representing 22.2%
(19,485/87,772) of classfiable posts and 11.1%
(19,485/175,242) of all obesity-related posts. Themesincluded
COVID-19 (n=3849), childhood obesity (n=2443), sugary drinks
(n=2425), bariatric surgery (n=2413), weight loss stories
(n=2090), “clickbait” (ie, catchy content designed to increase
clicks, n=1494), cancer (n=1355), deep (n=1166), yoga
(n=1130), and heart disease (n=1120). Posts related to weight
loss stories had the highest median interactions (20, IQR 3-94),
while postsrelated to yoga had the fewest (2, IQR 0-9). Of posts

https://infodemiol ogy.jmir.org/2023/1/e40005

from pages with alabeled category, the most frequent categories
included general health sites (sugary drinks, weight loss stories,
and sleep themes), hospitals (bariatric surgery, cancer, and heart
disease themes), media and news companies (COVID-19 and
clickbait themes), nonprofit organizations (childhood obesity
theme), and yoga and Pilates (yoga theme).

Facebook—Temporal Modeling

The distribution of most frequent topics changed around each
date (Figure 1). In the 29 days surrounding and including
January 20, the least popular topics were yogaand COVID-19,
while the most were childhood obesity and bariatric surgery.
Thesetopicsremained the most popular around March 11, while
the least popular were yoga and heart disease. The distribution
changed surrounding May 19, whereby COVID-19 and clickbait
werethe most popular topicswhile sleep and heart disease were
the least popular. This again changed around October 2, when
COVID-19 and heart disease were the most popular topics and
deep and yoga were the least popular.

Each topic aso had distinct daily posting behavior (Figure 2,
Multimedia Appendix 3). While there was no significant
difference for any topic around January 20, 5 topics showed a
change in posting behavior around March 11. The COVID-19
topic experienced an average daily increase of approximately

one additional post per day (Er’1=0.69, 95% CI 0.42 to 0.69;
P<.003). A significant, gradual declinewas observed for sugary
drinks (@ 1=0.48, 95% CI -0.78 to—0.19; P<.003) and weight

lossstories (2, ;=-0.32, 95% Cl -0.52t0—0.12; P<.003), while
an immediate, sustained decline was observed for childhood

obesity (2 ,=-102, 95% Cl —12.7 to —7.66; P<.003) and
clickbait (531:—3.70, 95% CI -5.49 to —-1.92; P<.003). In
contrast, clickbait experienced an immediate pulse of content
(Epyzzzs.z, 95% CI 14.1 to 36.4; P<.003) on May 19, coupled
with a sustained increase () ,=22.1, 95% CI 14.8 to 29.4;
P<.003) and gradual decrease (E,l2:—2.58, 95% Cl —3.48 to
—1.69; P<.003). The cancer topic also experienced a pulse
increase (‘E p2=6.34, 95% Cl 2.80 to 9.88; P<.003), while

weight loss stories experienced a step decrease (532:—2.85,

95% ClI —4.52 to -1.19; P<.003). No topics met the
Bonferroni-adjusted statistical significance threshold for October
2, dthough clickbait experienced a sustained increase of

approximately two additional posts per day (Ep’3=1.95, 95%
Cl 0.17 to 3.73; P=.032).
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Figure 1. Distribution of the top 10 most frequent topics for Facebook around each date of interest.
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Figure2. Longitudinal variationsin top 10 most frequent topics about obesity on Facebook. The dashed linesindicate the 4 key dates of interest (January

20, March 11, May 19, and October 2, 2020).
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I nstagram—General Description

Of the 18,129 obesity-related Instagram posts, 6856 (37.8%)
could not be classified into a topic; a random sample of these
can be found in Multimedia Appendix 4. The remaining posts
were clustered into 28 different topicswith ac, topic coherency
of 0.57. Of the initial 10 largest topics, 1 (with n=769 posts)
was removed for its pet-specific content. The remaining 10

https://infodemiol ogy.jmir.org/2023/1/e40005
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largest topics represented 60.9% (6865/11,273) of classifiable
posts and 37.9% (6865/18,129) of al posts (Multimedia
Appendix 4). Some themes overlapped with Facebook, including
weight loss stories (n=2718 posts), COVID-19 (n=1069 posts),
bariatric surgery (n=363 posts), childhood obesity (n=331 posts),
and sleep (n=312 posts). Additional topics included keto diet
(n=588 posts), specific weight loss programs (n=415 posts),
calories (n=391 posts), sugar (=341 posts), and responses to
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aUK government policy (n=337 posts). Weight loss stories had
the highest median overall interactions (544, IQR 154-1733),
while the bariatric surgery topic had the fewest (51, IQR
17-114).

I nstagram—Temporal Modeling

Theranking of topic frequency was consistent around each date
(Figure 3). Weight loss stories were the most frequent in each
of the4 windows, and COV1D-19 wasthe second most frequent
in 3 of the 4. The only exception wasthefirst window, in which
COVID-19 was the least frequent and the keto diet was the
second most frequent. The least frequent topic varied within
the other 3 windows—the weight loss program was the least
frequent around March 11, sleep was the |east frequent around
May 19, and responses to the UK government policy were the
least frequent around October 2.

Two Instagram topics changed significantly surrounding the 4
dates (Figure 4, Multimedia Appendix 5). On January 20, there

wasasignificant pulseincrease (@ po) inketo posts (‘E p0=4.88,
95% CI 1.84 to 7.93; P<.003), and on October 2, there was a
sustained increase (Esg) in posts about calories (‘E s3=1.36,
95% Cl 0.51 to 2.21; P<.003). Other topics aso showed a

Pollack et a

change in posting behavior that did not reach the
Bonferroni-adjusted significance threshold. Posts on the
childhood obesity topic experienced a sustained decrease of
1.17 posts (95% Cl —2.22 t0-0.11; P=.030). Thisalso occurred
on March 11, with an immediate, sustained decrease of 1.59
posts (95% ClI —3.05 to —0.12; P=.034). Weight loss stories

experienced agradua ramp (E,Yl) decrease of 0.61 posts (95%
Cl —-1.02 to —-0.21; P=.003). In the 14 days following May 19,

topicsrelated to weight loss stories (ELZ:—O.Z& 95% Cl -0.44
to -0.03; P=.026), COVID-19 (@nzz—o.zo, 95% Cl -0.38 to

—-0.02; P=.028), and calories (‘E r2=—0.14, 95% CI -0.25 to
—0.02; P=.022) experienced a gradual ramp decline. Around
October 2, topics related to sugar (Epszl.so, 95% Cl 0.34 to
2.66; P=.011) and childhood obesity (2!, ;=1.83, 95% Cl 0.18
to 3.49; P=.030) experienced apulseincrease, weight loss stories

experienced a step increase (55’3:2.43, 95% CI 0.55 t0 4.30;
P=.011), and COVID-19 topics experienced a ramp increase

(1, 5=0.18, 95% Cl 0.04 to 0.32; P=.010).

Figure 3. Distribution of the top 10 most frequent topics for Instagram around each date of interest.
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Figure 4. Longitudinal variations in top 10 most frequent topics about obesity on Instagram. The dashed lines indicate the 4 key dates of interest

(January 20, March 11, May 19, and October 2, 2020).
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Discussion

This study is the first to comprehensively evaluate
obesity-related content throughout the pandemic on Facebook
and Instagram. On Facebook, obesity-related content surged
around the dates of 4 key news stories related to obesity or
COVID-19. Posting behavior of obesity-related content on
Instagram was not affected, although changes in interactions
occurred. Frequent content on each platform had some
overlapping themes (ie, COVID-19, bariatric surgery, childhood
obesity, weight loss stories, and sleep), while other topicsvaried
in popularity. These findings demonstrate how social media
conversations regarding prevalent health conditions may be
influenced by news media and global events.

On Facebook, there were immediate changes in posting and
interaction behavior for obesity-related content on both May
19 and October 2 that were not sustained in the following 14
days. A similar effect was observed for interactions on
Instagram. Thelack of statistical significancein the control data
for any of the May 19 outcomes provides evidence that change
in online discussion about obesity was specific to the reported
association between COVID-19 and obesity that was shared in
the mainstream media on that day. For October 2, a significant
pulse effect was observed for interactions on Facebook posts
in the health control data, while the nonhealth control data
remained insignificant. Since the keyword for the health control
data(ie, “headache”) isalso asymptom of COVID-19, thismay
suggest that the surge in interactions occurred on posts that
discussed the same topic as the obesity data (ie, the prognosis
of then US president Trump, who had contracted COVID-19).

When broken down by topic, 5 frequent topics overlapped.
Three (ie, bariatric surgery, pediatric obesity, and sleep) were
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clinical in nature and received the fewest interactionsfrom users,
suggesting that social media may not be an ideal platform to
communicate thiskind of content. In contrast, weight loss stories
were present on both platforms and received a high number of
interactions. This consistency may suggest that individual s feel
comfortable sharing personal stories on these platforms as a
show of support for others, and frequent mentions of obesity
online or in mainstream media may empower individuals to
communicate their own experienceswith obesity or weight loss
[26]. However, anecdotal stories may spread commonly held
falsehoods about weight loss or give viewers unrealistic
expectations. Thisisespecially problematic on Instagram, which
has faced scrutiny over how it may detrimentally impact body
image among its adol escent female user base [26,27].

Prior work has pointed to a limited amount of healthy dietary
advice on | nstagram among posts with the hashtags #wei ghtloss
or #quarantinel5 [10,11]. The present work adds to that
literature, as 3 of the top 10 most frequent themes on Instagram
were focused on some kind of diet or food group (ie, keto diet,
calories, and sugar). Exemplar postsfor each of these categories
often included compelling language that promised alifechanging
transformation (in the case of keto) or warned of imminent
dangers if immediate changes were not made (in the case of
calories and keto). This kind of catchy language was aso
dominant in the “clickbait” category on Facebook, which
consisted primarily of short phrases that encouraged readersto
click on either a linked article or shared post. Although the
words “obesity” or “obese” were not present in the analyzed
text itself, the fact that these posts were included in the data
suggests that other information in the posts (such as the image
text or link descriptions) included the keywords. Future work
is needed to perform an in-depth analysis on this topic to
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understand the types of links shared and how frequently
individual s interacted with them.

The practical implications and importance of these finding are
3-fold. Broadly, the ability to isolate the impact that media
mentions of public health topics have on social mediadiscussion
contributes to the growing body of literature that demonstrates
how social media can help gauge public opinions during times
of crisis[27,28]. This study demonstrates that by comparing a
public health topic of interest to multiple controls one can obtain
guantitative estimates of the effect that major announcements
or stories about the disease have on dialogue. While the present
study focused on 2 obesity-related events covered by many
media outlets, future work could identify stories covered by
only a few outlets to try to estimate precise effects of those
channels. Additionally, the swift and substantial response across
socia mediaplatformsto obesity- and COVID-19—+elated stories
in the mediaemphasi zes the need for both researchers and media
outletsto consider how premature public health announcements
may contribute to the spread of online misinformation. Future
work should study whether this strong relationship is present
across other health topics, time periods, and platforms. Finally,
this study adds to the growing body of literature that
demonstrates the utility and power of BERTopic in analyzing
both public health and social media data [19-23].

Strengths of this study include its expansion on prior work to
understand obesity discourse more broadly, inclusion of multiple
social media platforms, and evaluation of both temporal and
topical patterns. However, there are several limitations that are
important to note. First, there were no demographic data for
users who created and viewed the content, which isacommon
challenge of epidemiologic research on social media. Thisstudy
attempted to address this in part by using multiple platforms,
which broadened the possible generalizability of the study. For
instance, while approximately 71% of US adults aged between
18 and 29 years report ever using each platform, only 13% of
US adults over the age of 65 years report using Instagram,
compared to 50% for Facebook. Differences exist in other
demographic groups as well, including race, income, and
education [8]. Because each group may vary in how they
perceive and discuss obesity (aswell asin their underlying risk
factorsfor the disease), future multi-platform studies are of the
utmost importance to characterize perceptions of multiple

Pollack et a

groups. Second, while some content related exclusively to pet
obesity was removed during topic analysis, future work could
refine this processto ensurethat all animal obesity content was
removed. Third, only English-language content was eval uated;
future work could be expanded to examine content in other
languages. Fourth, only afinite number of topicswas eval uated;
future work could attempt to conduct a more holistic analysis,
including exploration of outlier poststhat could not be classified
or adjustment of the minimum topic size in the BERTopic
algorithm. Future work could also explore topics outside of the
top 10, asthese only represented about 22.2% (19,485/87,772)
of classifiable posts about obesity on Facebook. Fifth, the use
of a Bonferroni-adjusted threshold resulted in a conservative
evaluation of the results, which may have biased findingstoward
the null (ie, fewer associations were made between the dates of
interest and posting or interaction behavior). Finally, this study
only looked at 4 dates of interest; future work could evaluate
additional dates that occurred either before the pandemic or
after 2020.

Overall, these findings suggest that the pandemic had distinct
impacts on the frequency of and attention to obesity-related
conversations on 2 popular social media platforms. Posts about
obesity and corresponding interactions did not shift after two
COVID-19-specific dates (ie, January 28 and March 11),
suggesting that events of public health significance that do not
relate to obesity do not dramatically alter conversations about
the disease on Facebook and Instagram. In contrast, posts and
interactions about obesity increased after 2 dates of importance
to both COVID-19 and obesity (ie, May 19 and October 2).
This pattern was not observed in health and nonhealth control
data for the same time period, demonstrating how the
relationship between COVID-19 and obesity amplified
discussions about obesity. Clinical topicswere similar between
the platforms, as were weight loss stories. Dietary topics were
more prevalent on Instagram, while “clickbait” was more
prevalent on Facebook. Taken together, these results suggest
that the impact of major public health events (including
mainstream media attention and government campaigns) on
social media discourse can be successfully isolated and
monitored. Public health officials should consider leveraging
social media campaigns to prevent the spread of misleading,
deleterious content, such as misinformation that may spike
around such events.
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Abstract

Background: Patient perspectives are central to the US Food and Drug Administration’s benefit-risk decision-making process
in the evaluation of medical products. Traditional channels of communication may not be feasible for all patients and consumers.
Social media websites have increasingly been recognized by researchers as a means to gain insights into patients' views about
treatment and diagnostic options, the health care system, and their experiences living with their conditions. Consideration of
multiple patient perspective data sources offers the Food and Drug Administration the opportunity to capture diverse patient
voices and experiences with chronic pain.

Objective: Thispilot study explores posts from aweb-based patient platform to gain insightsinto the key challengesand barriers
to treatment faced by patients with chronic pain and their caregivers.

Methods: This research compiles and analyzes unstructured patient data to draw out the key themes. To extract relevant posts
for this study, predefined keywords were identified. Harvested posts were published between January 1, 2017, and October 22,
2019, and had to include #ChronicPain and at least one other relevant disease tag, arelevant chronic pain management tag, or a
chronic pain management tag for atreatment or activity specific to chronic pain.

Results: The most common topics discussed among persons living with chronic pain were related to disease burden, the need
for support, advocacy, and proper diagnosis. Patients discussions focused on the negative impact chronic pain had on their
emotions, playing sports, or exercising, work and school, sleep, social life, and other activities of daily life. The 2 most frequently
discussed treatments were opioids or narcotics and devices such as transcutaneous electrical nerve stimulation machines and
spinal cord stimulators.

Conclusions: Socia listening data may provide valuable insights into patients' and caregivers' perspectives, preferences, and
unmet needs, especially when conditions may be highly stigmatized.

(JMIR Infodemiology 2023;3:e41672) doi:10.2196/41672

KEYWORDS
chronic pain; pain management; online health community

: Understanding patient perspectives can aid the agency in
Introduction numerous ways, review staff can better understand patient
Patients are a the heart of what the US Food and Drug ©xPerience, consider symptom management and side effects,
Administration (FDA) does and are vital to the agency’s work impact of treatment on quality of life, and risk-benefit profiles.

of protecting public health by ensuring the safety and efficacy  Traditionally, the patient voice is heard through channels such
of drugs, biological products, and medical devices [1]. asparticipation at formal meetings, lettersto the agency, docket
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comments, or survey responses. It isimportant to recognize that
not al patientsarefamiliar or comfortable with using traditional
ways of communicating with organizations such as the FDA.
Confounded with this barrier are the unique challenges that
racial and ethnic minorities and underserved populations
encounter, such as mistrust [2]. Medical mistrust can hinder
communication and sharing of information such as medical
history and patient experiences [3]. This reticence to share
experiences is often further amplified in discussions of
stigmatized disease conditions such as chronic pain [4].

Over the past few decades, advancesin technology have enabled
researchers and health care providers to gain insights into
patients perspectives in ways that have not been previously
possible. Social media websites have been increasingly
recognized as a platform for patients to gather information,
explore options, and share their experiences[5]. With over 80%
of Americans seeking and sharing health information online
through blogs, microblogging (eg, Twitter), social networking
(eg, Facebook), and video and file-sharing sites (eg, YouTube),
social media cannot be ignored [6,7]. Social listening is one
potential avenue that can be leveraged to gain insightsinto the
patient experience.

Incorporation of the patient voice is an important aspect of
regulatory decision-making, supported by the 21st Century
Cures Act (Cures Act). The Cures Act builds on the FDA's
ongoing work to incorporate patients perspectives into the
development of regulated products and regulatory
decision-making process [8].

The Center for Devices and Radiological Health aimsto ensure
patients are at the center of its regulatory decision-making
process. It does this through encouraging patient engagement,
the incorporation of clinical outcome assessments in medical
device clinical investigations, and the collection of patient
preferenceinformation [9]. The FDA Office of Minority Health
and Health Equity (OMHHE) aso supports efforts to amplify
equity of voices through its Enhance Equity Initiative by (1)
expanding OMHHE's diverse stakeholder community, (2)
supporting research to leverage novel and big data sources to
understand diverse patient perspectives, preferences, and unmet
needs, and (3) supporting expansion of culturaly and
linguistically tailored health education [10].

Many internet users seek health information through online
health communities and other socia media, including sharing
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information and well as finding value in peer-generated health
information [11-13]. This study supports the priority,
Empowering Patients and Consumers, within the report
Advancing Regulatory Science at FDA: Focus Areas of
Regulatory Science. This priority advances understanding of
waysto engage patients and consumersto better understand the
US patients’ and public's perspectives and preferences related
to outcomes [14].

This pilot study explores the potential for social listening data
to expand our understanding of its use for gathering patients
and caregivers' perspectives. The goal of this project was to
gain insights into the key challenges and barriers faced by
persons living with chronic pain (PLWCP), how they mitigate
or treat chronic pain, perspectives and experience with
medication dependence and addiction, and how they describe
their pain and measures of success. Utilizing multiple patient
perspective data sources offers the FDA the opportunity to
capture diverse patient voices and experiences on chronic pain.

Methods

The Inspire research team regularly compiles and analyzes
unstructured patient data to draw out key themes. Over
1,700,000 members havejoined Inspire through itswebsite [15],
to share their patient journey, ask and answer questions, and
engage with other members who know what they are going
through by writing posts and responding to others’ posts. These
members belong to one or more of over 240 communities
focused on specific conditions or disease areas.

To extract relevant posts for this study, predefined keywords
and TextRazor tags [16] were identified and used to extract
Inspire posts. Harvested posts were published between January
1, 2017, and October 22, 2019, the latter being the date the posts
were extracted. The first data set comprised all chronic pain
poststhat contained #ChronicPain and at | east one other relevant
disease tag such as #Migraine or #NervePain. The second data
set contained #ChronicPain plus a relevant chronic pain
management tag or a chronic pain management tag for a
treatment or activity specific to chronic pain (eg,
#Spinal CordStimulator). Table 1 showsthefull set of keywords
and TextRazor tags used for harvesting posts. All keywordsand
tags accounted for misspellings and variations in spelling, and
TextRazor tags additionally accounted for synonyms.
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Table 1. Full set of keywords and TextRazor tags used for harvesting web-based posts.

Harter et al

Category, keywords TextRazor tags
Chronic pain?
Chronic pain ChronicPain

Common diagnosesrelated to chronic pain

Back pain
Carpal tunnel syndrome
Complex regional pain syndrome
Failed back surgery syndrome
Fibromyalgia
Migraine
Multiple sclerosis
Muscle spasms, muscle pain
Nerve pain
Neuropathy
Peripheral vascular disease
Phantom limb pain
Sickle cell disease
Spasticity
Spinal cord injury
Cerebral palsy

M edication-assisted treatment
Buprenorphine, Butrans
Dilaudid
Evzio
Suboxone
Fentanyl
Hydrocodone
Hydromorphone
Methadone
Morphine
Naloxone, Norco
Naltrexone
Norco
Oxy, oxycodone, oxycontin
Percocet
Stadol
Vicodin
Demerol, meperidine
Prescription pain medication
Chronic pain medication
Opioid

Devices

BackPain, LowBackPain

Carpal Tunnel, Carpal Tunnel Syndrome
ComplexRegional PainSyndrome
FailedBackSyndrome

Fibromyalgia

Migraine

MultipleSclerosis

MusclePain, Spasm

NervePain

NeuropathicPain, Peripheral Neuropathy
Peripheral ArteryDisease

PhantomPain

SickleCellDisease

Spasticity

Spinal Cordlnjury

Cerebral Palsy

Buprenorphine, BuprenorphineNaloxone

Dilaudid

Evzio

Suboxone

Fentany!

Hydrocodone

Hydromorphone

Methadone

Morphine

Naloxone, Narcan

Naltrexone, LowDoseNaltrexone
Norco

Oxycodone

Percocet

Butorphanol
AcetaminophenHydrocodone
Demerol

PainMedication

PainMedication

Opioid, Opiate, OpioidEpidemic
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Category, keywords

TextRazor tags

TENS?

Pain pump~°

Drug pump

Implantable pump

Opioid pump

Patient-controlled analgesia pump
Spina pump~

PNS

Spinal cord stimulator~
Pain management
Pain management
Addiction, addicted
Health care provider, physician, pain specialist

TranscutaneousEl ectrical NerveStimul ation, Neurostimul ation,
Transcutaneous electrical nerve stimulationunit

PainPump

DrugPump

Implantable pump

Opioid pump

Patient-controlled analgesia pump
Spinal pump~

peripheral nerve stimulator, PercutaneousTibia NerveStimula-
tion

Spinal CordStimul ator

PainManagement
Addiction

Physician

3This tag wasincluded in all posts other than those focused on chronic pain-specific treatment.

PTENS: transcutaneous electrical nerve stimulation.
CTilde (~) indicates posts focused on a chronic pain-specific treatment.
dpNS: periphera nerve stimulator.

Thedatapull yielded 3156 posts with the following information
recorded for each: post title, post content, unique user token of
author, time stamp of when the post was published, geographic
location of where the post was published, and gender and age
per self-report from initial registration or user profile. Posts
were subsequently excluded if they did not contain any text (eg,
only contained images or videos) or were duplicates of other
posts. For the data set about chronic pain management, posts
wereread to ensure the inclusion of content about management
strategies for chronic pain and not only comorbidities.

In-depth analyses were performed on approximately athird of
all posts (ie, 920 posts after duplicates and image and video-only
posts were removed). Within these posts, approximately half
were about chronic pain (494 posts) and the remaining half (426
posts) were about chronic pain management. The 2 data
sets—the chronic pain data set and the chroni ¢ pain management
data set—were examined individually and had different
codebooks. The codebooks were developed following a4-level
hierarchy of decision-making: during open coding, text was
carefully analyzed from each post to identify preliminary themes
(level 1), and then preliminary codes were discussed among the
coders (level 2). After reviewing the data, codes were finalized
(level 3) and then for better characterization further divided into
subcodes (level 4), thereby ensuring a robust model of
consensus-based analysis, which means that the final tags did

https://infodemiology.jmir.org/2023/1/e41672

not stem from 1 analyst but 2. In this case, both coders discussed
and reached consensus on what the codes and subcodes should
be, and then the posts were tagged accordingly. Themes and
subthemeswere devel oped using adata-driven approach, relying
on a constant comparative method that closely followed that of
Osadchiy et al’s [17] socia listening study. Inspire’s research
team first created a data coding tracker in the targeted Inspire
data pull, which identified the overarching topics by which
analysts would organize the analysis. Next, analysts created a
data codebook, which identified the terms and topicsthat could
be coded under each tracker column for each post. Using this
codebook, researchers manually read, analyzed, and tagged each
post for key trends and topics. All disagreementswere resolved
by discussion with team members talking through their coding
logic and coming to a consensus.

Asseeninan overview of the codebooks (Table 2), theanalyses
consisted of 3main parts. (1) lexical analysis, which investigated
rhetorical strategies within posts about chronic pain, (2)
identification of treatment types and sources for posts about
chronic pain management, and (3) content analysis about key
challenges and measures of success for both data sets. In order
to establish the themes and subthemes for classification, a
random sampling of posts was read, characterized, and
discussed. Once the categories for coding were agreed upon,
posts were reread and all posts subsequently coded.
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Table 2. Overview of the codebooks.

Harter et al

Codebook, theme

Subtheme

Disease codebook

Chronic pain lexicon

Symptoms

Key challenges

Measures of success

Treatment codebook

Treatment type

Specific treatments

metaphor/imagery: “severe’
scale/level: “flare,” “worsening,
other lexicon

"o

fatigue

depression, anxiety

irritable bowel syndrome symptoms
insomnia

nausea, vomiting

confusion, brain fog

dizziness, vertigo

neuropathy

other symptoms

quality of life impact

poor disease management

lack of diagnosis or misdiagnosis
stigmaand social impact

bad health care provider
emotional impact
comorbidities

lack of support

finding health care provider
flares

limited health literacy

impact on loved ones

loss of independence/autonomy

good disease management
finding support

successful diagnosis

improving quality of life

finding good health care provider
health literacy

decreased stigma

remission

maintaining autonomy

opioid or narcotic
device

aternative: item
aternative: activity
anticonvulsant
surgery or procedure
sedative or anesthetic
nonsteroid anti-inflammatory drugs
steroid

muscle relaxant
antidepressant

other treatment types

oxycodone/oxycontin
marijuana/cannabis
spinal cord stimulator
gabapentin

physical therapy

diet

Lyrica

tramadol

exercise

TENS?
other specific treatments

extreme,

exhausting,” “aching,” “horrible,” “debilitating”
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Codebook, theme Subtheme
Mode of administration . ora
«  subcutaneous
«  transcutaneous
« topica
«  sublingual

other mode of administration
Treatment source

illegal source
friends or family

Treatment emotions .

health care provider prescription
over the counter or web-based store

negative (angry, desperate, afraid...)

«  positive (hopeful, satisfied, grateful...)
. neutral (cautious, curious, confused...)

Key challenges and barriers tolerability, side effects
lack of efficacy

access. health care provider
stigma

addiction, dependence
access. legal

quality of life impact

lack of hedlth literacy

low dosage

difficult administration

other challenges

Measures of success improving quality of life
efficacy

access

tolerability

reducing medications
lack of stigma

lack of addiction

other measures of success

8TENS: transcutaneous electrical nerve stimulation.

Ethical Approval

The New England Independent Review Board and the FDA
both approved this study, finding it minimal risk and met the
requirements for a waiver of consent (New England IRB#
120190469; the FDA #: 2023-OC-060). The informed consent
process was waived for this study because this was secondary
data analysis.

Results

A total of 920 posts by 360 authors who resided in the United
States were manually analyzed. When posts contained direct
referencesto a“self” (and the type of self could be determined
on the basis of analysis of content), the authors were classified

https://infodemiology.jmir.org/2023/1/e41672

as either patients or caregivers. In posts identifying the author
(865/920, 94%), the majority were patients (813/865, 93.9%)
followed by caregivers (52/865, 6%). If an author mentioned
being both a patient and caregiver, then the author was only
classified as the former for the purposes of this research. Per
registration and profile data, self-reported gender was collected
for 310 (86.1%) of the 360 authors: 89% (276/310) identified
as female and 10.9% (34/310) identified as male. During the
time of the post extraction, there was no option for nonbinary
gender selection on Inspire. Age was also self-reported for
84.4% (304/360) of the authors, with the majority in 40-69 years
of age (see Table 3). Overall information on race or ethnicity
could not be discerned, as most user profiles lacked such
information. This information was not collected on Inspire at
the time of the post extraction.
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Table 3. Agedata of the authors (n=304).

Harter et al

Age range (years) Values, n (%)
18-29 13(4.3)
30-39 39(12.8)
40-49 58 (19.1)
50-59 73 (24)
60-69 93 (30.6)
>70 28(9.2)

The specific diseases and conditions mentioned most frequently
in association with chronic pain were fibromyalgia (43/360,
11.9%), Ehlers-Danlos syndrome (33/360, 9.2%), complex
regional pain syndrome (19/360, 5.3%), cancer (18/360, 5%),
and chronic migraine (18/360, 5%). More than 65 other chronic
pain conditions were mentioned less than 5% of the time,
including back injury, scleroderma, and rheumatoid arthritis.
Nearly haf of the authors of posts (162/360, 45%) who
mentioned a specific comorbidity also wrote about experiencing
multiple comorbidities, with an average of 2.5 conditions
mentioned per author on average.

Within the first data set (ie, specific to chronic pain and not its
management), the Inspire research team identified 5 rhetorical
themes among the poststhat contextuali zed personal experiences
of living with chronic pain. The team categorized the 5 themes
in this study as subjective scales, examples of quality of life

impact, frequency and length of pain descriptors, illustrative
characterizations of pain, and self-validating language based
on the content (see Table 4). Often asingle post contained 2 or
more of these themes, and all of them were used to impart
information about pain intensity or quality. Moreover, rarely
(in <2% of posts) did posts contain mitigating language such
as mild, minimal, moderate, tolerable, or stable to describe the
chronic pain. When such adjectives or adverbs were used, they
were wielded to reflect how authors perceived others such as
health care providers' perspectives of chronic pain.

..\Well unfortunately in my area there are no
temporomandibular  joint  dysfunction (TMJ)
dysfunction support groups as TMJ is viewed as a
mild condition not worthy of even having a support
group. [Person with fibromyalgial

Table 4. Fiverhetorical themes among the posts on personal experiences of living with chronic pain.

Theme Function

Examples

Subjective scales
chronic pain

Examples of quality of lifeimpact

aspects of life

Frequency and length of pain descriptors

Illustrative characterizations of pain

Self-validating language
experiences

Convey how patients feel relative to their baseline levels of

Show concrete examples of how chronic pain impacts various

Demonstrate the regularity of chronic pain

Pinpoints differences in quality of chronic pain experienced

Emphasizes the authenticity and weight of lived chronic pain

“new level of pain”
“very severe’
“immense’
“worsening”

“manage my pain level”

“disruptive”
“disabling”
“daily struggle”
“barely tolerable”

“daily”
“intermittent”
“unceasing
“progressive’

“burning”
“throbbing”
“radiating”
“ g’]arp"

“legitimate’
“actual”
“real”
“serious’

Nearly all published posts about chronic pain contained content
about the key challenges (437/494, 88.4%) with impact on
quality of life the most frequent challenge mentioned (73/437,
16.7%), with quality of life defined asperforming daily activities
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such as cooking and bathing as well as interacting with others.
The full complement of key challenges can be found in Table
5.
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Table5. Full complement of key challenges (n=437).
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Key challenge

Values, n (%)

Impact on quality of life
Managing disease

Proper diagnosis

Stigma and social impact
Relationship with health care providers
Emotional impact of disease
Navigating comorbidities

Lack of support from loved ones
Flare-ups

Limited health literacy

Loss of autonomy

Other

73(16.7)
45 (10.3)
44 (10.1)
39(8.9)
33(7.5)
31(7.2)
27(6.2)
27(6.2)
16 (3.7)
14(3.2)
3(0.7)
85 (19.4)

Approximately 37.8% (187/494) of the posts discussed measures
of success for living with chronic pain. The top measures of
success within these posts were having good disease
management (53/187, 28.3%), maintaining socia support
(49/187, 26.2%), getting a proper diagnosis (48/187, 25.7%),
improving quality of life (47/187, 25.1%), and working with
health care providers by willing to listen and advocate for them
(47/187, 25.1%). Other measures of successincluded developing
greater health literacy (18/187, 9.6%), noticing less stigma
around chronic pain (9/187, 4.8%), being in remission (8/187,
4.3%), and feeling increased autonomy (5/187, 2.7%).

Table 6. Pain management type (n=410).

Of the 426 coded posts about chronic pain management, 96.2%
(410/426) mentioned a category of chronic pain relief. Opioids
or narcotics were mentioned most often (105/410, 25.6%) with
oxycodone discussed most frequently (44/105, 41.9%), followed
by tramadol (13/105, 12.3%). Only a minority of posts
mentioned anticonvulsants (29/410, 7%) such as pregabalin
(14/29, 48.3%) or gabapentin (19/29, 65.5%). Few posts
mentioned surgery or procedures (24/410, 5.9%) or sedatives
or anesthetics (23/410, 5.6%), with lidocai ne and acetaminophen
equally represented (9/23, 39.1% each). A full accounting of
the pain management types can be found in Table 6.

Pain management type

Values, n (%)

Opioids/narcotics

Device (eg, spinal cord stimulators, TENS?)
Alternative substances (eg, cannabis)
Alternative interventions (eg, physical therapy, diets, exercise)
Anticonvul sants

Surgery

Sedatives/anesthetics

Nonsteroidal anti-inflammatory drugs
Steroids

Muscle relaxants

Antidepressants

Other

105 (25.6)
56 (13.7)

48 (11.7)
44, (10.7)
29(7.1)
24.(5.9)
23 (5.6)
20 (4.9)
17 (4.2)
14 (3.4)
13(3.2)
17 (4.2)

3TENS: transcutaneous electrical nerve stimulation.

Treatment sources were reported in 30.7% (142/462) of the
posts, with the majority of these indicating that the treatment
under discussion was prescribed by a health care provider
(103/142, 72.2%). Rarely did posts refer to over-the-counter or
web-based vendors (28/142, 19.7%). An even smaller subset
of posts mentioned procurement through the street or from
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friends or family (11/142, 7.7%). When discussing treatment
sources, particularly for opioids, posts often made a point to
mention having at least at one point a legitimate script from a
health care provider.

...\When the pharmacy refused to fill a legitimate
script, | was left in a very bad way. My husband
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couldn't stand to watch me suffer; we arelaw-abiding
people, but he was going to buy me something off the
street - those ninnysin office don't seethey aredriving
patients with chronic pain to despair. [Person with
Ehlers-Danlos syndrome]

Challenges about chronic pain management were mentioned in
38.5% (164/426) of the posts. The 2 most frequent challenges
discussed in posts were tolerability (55/164, 33.5%) and lack
of efficacy (54/164, 32.9%). Nearly a third of the posts
mentioned difficulty accessing treatments from health care
providers (49/164, 29.9%); asmaller number of posts mentioned
stigma around their condition (27/164, 16.5%) and addiction
(28/164, 17.1%). Some posts featured challenges such as legal
access (20/164, 12.2%), low health literacy (18/164, 10.9%),
quality of life impact (16/164, 9.8%), low dosage (15/164,
9.1%), difficulty with administration (14/164, 8.5%), and other
challenges (15/164, 9.1%), including cost and time. When
broaching these challenges, many of the posts were
contextualized within the opioid crisis. Overall, authors seemed
conflicted, recognizing that long-term opioid usage leads to
dependence but also feeling exasperated by not being able to
find other treatments with similar levels of pain relief.

...Until recently, | took more medication, and was
able to function better. However, | can see the
pressure my rheumatologist is under to limit the
prescription of narcotics, and | do not want to cause
problems for her. This makes me sad, because | am
in constant pain and my mobility and quality of life
are severely affected. A couple of days ago, | broke
down in tears because | was in so much pain, yet so
conflicted about taking more medi cation; sometimes,
| feel quite downhearted about it. [Person with
Ehlers-Danlos syndrome]

Measures of successfor chronic pain management were featured
in approximately a third of posts (137/426, 32.2%). Within
posts, measures of success included improved quality of life
(87/137, 63.5%) and efficacy (86/137, 62.8%). Posts that
mentioned personal experience with opioids often stated
improved quality of life asthe primary reason they preferred or
were grateful for opioids.

...I also had 10 opioid pills. The second day home a
pain came suddenly to my gut and chest area. It was
late on a Friday night. A stabbing pain, more intense
than any | have ever had. Thank god for the pain
medication. [ ...] the difference between screaming in
pain and resting somewhat comfortably is not
something | would want to live without. [Person with
Ehlers-Danlos syndrome and cancer]

Other measures of success were access to chronic pain
management (27/137, 19.7%) and tolerability of the management
(26/137, 18.9%). L ess commonly mentioned were reduction of
medications or dosages (12/137, 8.8%), decreased stigma
(11/137, 8%), not being dependent or addicted (8/137, 5.8%),
and other measures (11/137, 8%) such as ease of administration,
health literacy, and compliance.

https://infodemiology.jmir.org/2023/1/e41672
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Discussion

This study explores the potential for utilizing social listening
data to expand our understanding of its use for gathering
patients and caregivers perspectives of chronic pain. It is
important to understand user-generated content about chronic
pain and chronic pain management from social media and
web-based peer-to-peer health networks. In addition, key
challenges and barriers faced by PLWCP as well as how they
mitigate or treat chronic pain were identified from these
platforms. For example, there were some key differences in
chronic pain discussions between general social media and
peer-to-peer health networks. In general, research has
documented that social media sites (eg, Reddit, Instagram,
Tumblr, Pinterest, Twitter) act as venues for patients seeking
others advice and stages from which to legitimize their
experiences and build empathy [18,19]. In this way, digital
conversations and narratives help make invisible chronic pain
visible and combat the culture of disbelief, that is, the failure
to accept an individual’s account of his or her pain as true
[20-22]. On networks such as Inspire, the audience within the
venue is more targeted and includes only other patients,
caregivers, and the occasional health care provider. Yet, even
in this relatively safe environment, we found that authors of
chronic pain habitually felt the need to use rhetorical appeals
to ground and situationalize their questions and advice. This
may, in part, reflect the extent to which the culture of disbelief
is internalized by patients and caregivers and impacts their
chronic pain experiences.

It isin this context that posts about relief for chronic pain also
exist. Studies within health care spaces have revealed that
patients felt disrespected and suspected of drug-seeking when
seeking chronic pain management even before the height of the
opioid crisis [23]. Part of the issue may be differences in
patients and health care providers' relative priorities for pain
management. Patients' top priorities are generally reduction of
pain intensity, followed by diagnosing the cause of the pain,
whereas health care providers top priorities are generaly
improving function, followed by reducing medication side
effects [24]. Approximately 24.6% (105/426) of the chronic
pain management posts from Inspire mentioned opioids or
narcotics. Although there is awareness within these posts that
the long-term regular usage of opioids can lead to dependence
and that misuse of opioids is common, it is important to note
that many PLWCP either (1) do not consider themselves at risk
for addiction or (2) consider this risk less important than
immediate relief from pain. This matches what other studies
have found, with the reasoning there being that patients tended
to regard themselves as exceptions since they were genuinely
in pain and were not engaging in aberrant behaviors such as
asking for early refills or taking more medications than
prescribed [25].

Patients are keenly aware of the stigma surrounding opioids or
narcotics and crave other efficacious management strategies,
which can be seen in the language they use within their posts.
PLWCP who mention using opioids in Inspire posts frequently
assert that they take the “lowest possible dose” or that thisis
the “only treatment which has been successful” or that they
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“only take the medication as needed” When compared to
opioids or narcotics, other chronic pain management strategies
tended to be positioned as ineffective. For instance, when
marijuana or gabapentin was mentioned in posts, these
treatments were portrayed as unsuccessful as compared to the
immediate and long-lasting relief of opioids. Even so, some
PLWCP reported moderate success with anticonvulsants and
sedatives, although both anticonvulsants and sedatives were
mentioned |ess than 30 times each, and these results should be
taken with caution. Similarly, there appears to be increasing
awareness that medical devices such as spinal cord stimulators
and TENS (transcutaneous electrical nerve stimulation)
machines may help alleviate chronic pain. Patients without
personal exposureto such devices expressed hope and curiosity
about them, actively seeking out personal anecdotes of PLWCP.

To adequately address chronic pain, we need to have a greater
awareness of the multifaceted discussions that PLWCP are
having online, particularly on digital peer-to-peer health
networks. As seen in the key challenges mentioned in Inspire
posts, many PLWCP felt as though they exposed themselvesto
socia and institutional barriers that have made them feel even
more vulnerable and isolated than before when attempting to
reduce pain intensity. Nearly athird of the posts about chronic
pain management mentioned difficulty accessing treatments
from health care providers (49/164, 29.9%), followed by stigma
(27/164, 20.7%). Even those who did not mention chronic pain
management in their posts reported stigma and social impact
(39/437, 8.9%) and having poor relations with health care
providers (33/437, 7.6%). As other studies have documented,
the health care system has not always been structured to reflect
a continuum of care for pain, resulting in barriers that can
impede personswith chronic pain from receiving timely access
to care [26]. Analysis of web-based conversations, especially
those directed to and for other patients and caregivers, should
inform how we attempt to address chronic pain barriers and
measures of success. Particularly important is better
understanding patient and caregiver perceptions of the available
treatment options and what approaches might encourage them
to try management strategiesthat have alow risk of dependency.

The findings in our report are subject to several limitations.
First, because of thedigita divide, those who post on web-based
peer-to-peer health networks are not representative of the genera
population. Although this is beginning to change in the age of
mobile-friendly websites, this still means that those who are
unable to afford a mobile device or have easy access to Wi-Fi
are limited in their ability to participate in these networks.
Second, this study had a relatively small sample of posts
mentioning anticonvulsants, sedatives, and treatment devices
for chronic pain. Future studies should further investigate patient
perspectives of these chronic pain management strategies, as
this literature is still in its infancy. The 5 themes in our study
did not have any theoretical framework to support the rhetoric
or related research fields, which is a limitation. Researchers

Harter et al

have become increasingly interested in the social context of
chronic pain conditions, including pain severity, physical
disability, pain behaviors, and psychological distress, and have
developed theoretical models [27]. In the future, theoretical
models should beincorporated to support analysis of constructs.
Another limitation was that only 1 source of data was used for
theanalysis, which was I nspire-only data. Future studies should
expand data sourcesto include additional social mediaplatforms.
Finally, while anonymity is a valuable benefit to participating
in a web-based peer-to-peer health network, it also creates
difficulties when systematically analyzing user-generated
content. Key demographicsin this study such asgender and age
could not be determined unless patients chose to self-identify
upon registration or later via their profile pages. Further,
demographic information about race and ethnicity was not
collected originally at the time of platform registration, thereby
severely limiting the analysis of these characteristics.
Recognition of this limitation spurred Inspire to collect race
and ethnicity data from new members, thereby improving
opportunities for health equity research across their platforms.
Additionally, it is important to consider that although the use
of social mediaby patientsfor health-related reasonsis growing
rapidly, not all social media platforms are idea or may appeal
toall patients. Thisstudy only examined 1 condition on 1 online
health community platform, that is, Inspire. Future studies
should incorporate other diseases and web-based platforms to
gather amore comprehensive understanding [11,28,29]. Lastly,
studies should include other potential stakeholders such as
family members and health professionals to understand their
perspectives on chronic pain management.

This study underscores the role of user-generated content in
web-based peer-to-peer health networksto help the health care
community better understand the treatment and management
experience of some patients with chronic pain. Our results
suggest that these conversations could help inform our
conceptualization of chronic pain challenges and measures of
success, which is especially crucial to capture, considering the
culture of disbelief. The rhetorical strategies used in posts on
Inspire indicate the extent to which this culture impacts even
content written to others with akin experiences. PLWCP are
aware of the stigma surrounding certain chronic pain treatments
options and crave efficacious management strategies; yet,
authors of posts perceived strategies other than opioids to be
less effective for substantial long-term relief. Even so, some
PLWCP reported moderate success with anticonvulsants and
sedatives, and some PLWCP appear to be aware that medical
devices such as spinal cord stimulators and TENS machines
may help alleviate chronic pain. More analysisis needed of the
multifaceted discussions that PLWCP are having with each
other online. Particularly important is better understanding
patient and caregiver perceptions of relief with available chronic
pain methods and what may encourage patientsto try strategies
that can be safely used to manage chronic pain over long periods
of time,
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Abstract

Background: Infodemic exacerbates public health concerns by disseminating unreliable and fal se scientific factsto a population.
During the COVID-19 pandemic, the efficacy of hydroxychloroquine as a therapeutic solution emerged as a challenge to public
health communication. Internet and social media spread information about hydroxychloroquine, whereas cable television was a
vital source. To exemplify, experts discussed in cable television broadcasts about hydroxychloroquine for treating COVID-19.
However, how the experts' comments influenced airtime allocation on cable television to help in public health communication,
either during COVID-10 or at other times, is not understood.

Objective: This study aimed to examine how 3 factors, that is, the credibility of experts as doctors (DOCTOREXPERT), the
credibility of government representatives (GOV TEXPERT), and the sentiments (SENTIMENT) expressed in discussions and
comments, influence the allocation of airtime (AIRTIME) in cabletelevision broadcasts. SENTIMENT pertainsto theinformation
credibility conveyed through the tone and language of experts comments during cable television broadcasts, in contrast to the
individual credibility of the doctor or government representatives because of the degree or affiliations.

Methods: We collected transcriptions of relevant hydroxychloroquine-related broadcasts on cable television between March
2020 and October 2020. We coded the experts as DOCTOREXPERT or GOVTEXPERT using publicly available data. To
determine the sentiments expressed in the broadcasts, we used a machine learning agorithm to code them as POSITIVE,
NEGATIVE, NEUTRAL, or MIXED sentiments.

Results: The analysis revealed a counterintuitive association between the expertise of doctors (DOCTOREXPERT) and the
allocation of airtime, with doctor experts receiving less airtime (P<.001) than the nonexperts in a base model. A more nuanced
interaction model suggested that government experts with a doctorate degree received even less airtime (P=.03) compared with
nonexperts. Sentiments expressed during the broadcasts played asignificant rolein airtime allocation, particularly for their direct
effects on airtime allocation, more so for NEGATIVE (P<.001), NEUTRAL (P<.001), and MIXED (P=.03) sentiments. Only
government experts expressing POSITIVE sentiments during the broadcast received a more extended airtime (P<.001) than
nonexperts. Furthermore, NEGATIV E sentimentsin the broadcasts were associated with less airtime both for DOCTOREXPERT
(P<.001) and GOVTEXPERT (P<.001).

Conclusions. Source credibility playsacrucial roleininfodemics by ensuring the accuracy and trustworthiness of theinformation
communicated to audiences. However, cable television media may prioritize likeability over credibility, potentialy hindering
this goal. Surprisingly, the findings of our study suggest that doctors did not get good airtime on hydroxychloroquine-related
discussions on cabletelevision. In contrast, government experts as sources received more airtime on hydroxychloroquine-related
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discussions. Doctors presenting facts with negative sentiments may not help them gain airtime. Conversely, government experts
expressing positive sentiments during broadcasts may have better airtime than nonexperts. These findings have implications on

the role of source credibility in public health communications.

(JMIR Infodemiology 2023;3:e45392) doi:10.2196/45392

KEYWORDS

source credibility; infodemic; infovelllance; broadcasting; cable television; COVID-19

Introduction

Background

Aninfodemicisan expression that blendsthe wordsinformation
and epidemic. Aninfodemic occurswhen accurate or inaccurate
information rapidly spreads everywhere; the overabundance
makes it difficult for people to find trustworthy sources and
reliable guidance when needed [1,2]. The dispersion of facts
and rumors often bleed into each other in an infodemic, asthe
information spreads concerns and fears among the public [2,3].
Subsequently, it becomes challenging to learn the correct and
essential information.

Prior studies on health information retrieval, spread, and
dissemination in flu contexts have asserted infodemiology as a
vital area of research needing more attention to explore deeper
nuanced mechanisms of health communications [3,4].
Combating infodemics involves awareness, literacy,
fact-checking, monitoring (infoveillance), and the nondistortion
of facts [2]. More studies would help design and monitor
accurate health communication strategies that can disseminate
scientific facts to inform public health and policy [5-7].

Early work in mediaand information management has suggested
that people are more likely to be persuaded when a source
presents itself as credible while disseminating information
[8-10]. A relevant concept of medium credibility would evaluate
the medium through which the message is delivered and the
characteristics of the message source, such ashow social media
or newspapers influence persuasion [11]. News and media
channels must identify areas where there is a knowledge
trand ation gap between best evidence (what some expertsknow)
and practice (what most people do or believe), as well as
markers for “high-quality” information to curb the spread of
misinformation [3].

Research must inform how scientific credibility in
communication hel ps manage the spread of information. Inthis
context, source credibility isaconcept that focusesontheorigin
of the fact, message, or information. The source may refer to
the government, anonprofit agency, or acorporation. Newsand
mediaagenciesratify information through expertsfrom scientific
institutions, agencies, or academiato provide credibility [12].
The audience may consider these experts as primary sources.
Thus, it is crucia to understand how the source credibility
affects the expert-ratified information dissemination during
infodemics, which is the objective of this study.

Infodemic During COVID-19

Theissue of infodemic was quite apparent during the COVID-19
pandemic, with several pieces of information spreading swiftly;

https://infodemiol ogy.jmir.org/2023/1/e45392

the accuracy of the fact-checking was questionable [13]. In
February 2020, asthe gravity of the threat posed by COVID-19
came to be recognized internationally, the Director-General of
the World Health Organization declared that the world must
fight not only the epidemic but also an infodemic [14].

Therapid spread of COVID-19 raised many difficult questions,
including what the origin of the virus was, how transmissible
it was, how lethal it would be, what mitigation measures might
be required to minimize its impact, and how effective the
potential treatments and therapeutic drugswere. Given the array
of questionsto which there were no known answers, the number
of COVID-19 cases skyrocketed, and therefore the consumption
of information about the pandemic soared [15]. Several studies
revedled that the COVID-19—elated content found on many
social mediaplatformswasinconsistent and unreliable[16-18],
leading to infodemic challenges during this period of
uncertainty.

Overview of Hydroxychloroquinein Public Discour se

The spread of information about hydroxychloroquine in public
discourse during COVID-19 is an exemplary infodemic. The
idea that hydroxychloroquine could be an effective therapeutic
for COVID-19 began circulating in China in January 2020.
Subsequently, it spread through social media in Nigeria;
Vietnam; France; and ultimately in the United States in early
March when Paul Sperry, a conservative author, tweeted it on
March 9. On March 13, investor James Toldano tweeted a link
to aGoogle Document he had coauthored with Gregory Rigano,
alawyer, touting the benefits of hydroxychloroquine.

In March 2020, the idea that hydroxychloroquine could be
effective against COVID-19 was first raised publicly with
subsequent infodemics [19]. On March 16, Lara Ingraham
discussed the drug with Dr Anthony Fauci on her show, and on
March 18, Rigano was interviewed on The Tucker Carlson
Show; both the shows were broadcasted on FOX News. On the
same day, a reporter asked about the potential of
hydroxychloroquine as a therapeutic for COVID-19 at a White
House briefing. On March 19, at another White House briefing,
President Trump touted the drug asa*“ potential game changer.”
On March 28, the Food and Drug Administration issued an
emergency use authorization, empowering doctorsto prescribe
hydroxychloroquineto fight COVID-19. Approximately 1 month
later, on April 24, the Food and Drug Administration cautioned
against using hydroxychloroquine asatreatment for COVID-19,
and on June 15, it rescinded the emergency use authorization.
In addition, subsequent clinica trials established
hydroxychloroquine as an ineffective treatment for COVID-19.
The National Institutes of Health stated that hydroxychloroquine
was ineffective for COVID-19 in November 2020.
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The public interest sparked by the media coverage was evident.
The number of prescriptions for using hydroxychloroquine
increased from approximately 30,000 in February 2020 to
>220,000 in March. However, the number of prescriptions
reduced to approximately 100,000 in April and 35,000 in May
[20]. There is some evidence that the publicity given to
hydroxychloroquine as a therapeutic for COVID-19 led to
shortages of the drug for patients who need it for other reasons
[21]. On November 9, 2020, the National Institutes of Health
issued a press rel ease based on a study that appeared the same
day inthe Journal of the American Medical Association, stating
that hydroxychloroquine does not provide a clinical benefit to
adults hospitalized with COVID-19 [22].

Research Gap and Questions

Prior research points to the role of social and other media in
scientific credibility and health communication contexts [5-7].
The role of source credibility as a persuasive element remains
relatively unexplored [8-10]. More specifically, given the
conseguential nature of the context of broadcasting information
about hydroxychloroquinein public discourse during COVID-19
[23,24], mideading information spread [25,26] points to the
need to conduct research exploring source credibility as an
element in health communications.

Existing literature that explores hydroxychloroquine in public
discourse by using social and other media is sparse. A prior
study hasidentified and characterized scientific authority—related
discussions about hydroxychloroquine, aluding to medical
experts credibility aspect of sources [27]. Other studies have
explored how emotional-mora words correlate with a higher
likelihood of being retweeted, how emotions are essential in
making content contagious on social media [27-30], and how
moral emotions shaped information spread on Twitter and other
media about hydroxychloroquine as a solution to COVID-19
[29,30].

News broadcasts played a substantial role in disseminating
information about hydroxychloroquine. Broadcasts used experts
fromingtitutions, agencies, or universities, who may have been
perceived as the primary source by the audience [12]. It is
crucia to understand whether this expert-ratified information
was helpful. However, no study provides insights into how
expert opinions during the broadcast provided credibility. To
address this research gap in the context of hydroxychloroquine
in public discourse during COVID-19, we asked, (1) Do credible
information sources influence the infodemic process? If so,
how? and (2) Which attributes of the source credibility influence
the dynamics of information spread?

Study Road Map

This study examines how 3 factors—the credibility of experts
as doctors (DOCTOREXPERT), the credibility of government
representatives (GOVTEXPERT), and the sentiments
(SENTIMENT) expressed in cable television discussion
broadcasts—influencethe allocation of airtime (AIRTIME) for
hydroxychloroquinein public discourse during COVID-19. The
data were collected from transcripts of cable television
broadcasts and coded using machine learning algorithms. We

https://infodemiol ogy.jmir.org/2023/1/e45392
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used Tobit regression models to estimate the effect of experts
credibility and sentiment on airtime. The implications of the
findings of our analysis are discussed.

Methods

Sampling Period and Strategy

The study period spans from March 1, 2020, to November 30,
2020. The first mention of hydroxychloroguine on cable news
was on March 1, 2020. We noted that the first mention of
hydroxychloroquine as a potential treatment for COVID-19
symptoms in a tweet by Elon Musk with a link to a Google
Document occurred on March 16, 2020. However, discussions
regarding the potential use were present on social mediaearlier.
The National Institutes of Health declared the drug ineffective
against COVID-19 on November 30, 2020. The data collection
and coding process for this study followed several steps: the
identification of the days in which hydroxychloroquine was
most discussed on 3 primary cable news networks from March
2020 to November 2020; collection of the broadcast videos;
identification of the expertsand collection of information about
them, calculating the amount of airtime the medical expertson
each network received during the discussion of
hydroxychloroquine; and an assessment of sentiments expressed
in their remarks.

Data Collection Process

The study’s data set comes from Stanford Cable TV News
Analyzer [31], which collects data from the Internet Archive
for television data set that consists of >300,000 video recordings.
A vital feature of the Stanford Cable TV News Analyzer
augments the Internet Archive data set with a trend dashboard
that helps to create a curated database of video segments from
cable news, enabling us to conduct focused searches. One key
feature of the analyzer isits keyword search query tool, which
allows usto identify video segments where specific words are
spoken by participants by using the transcript of the video as a
reference. This functionality provides valuable insights into
experts sentiments as expressed in the cable television
broadcasts.

According to the Stanford Cable TV News Analyzer, a video
segment is defined as an approximately 3-minute interval from
a cable news show in which at least 1 panel expert mentions
the keyword (eg, hydroxychloroquine) in the news transcript.
The daily totals indicate the interest cable news networks had
in hydroxychloroquine. The search query was performed at the
“daily” level; thus, the daily aggregation unit generated atime
trend chart to identify the peak periods of
hydroxychloroquine-related discussions on the 3US cable news
networks. We defined peak periods as daysin which the search
results of hydroxychloroquine returned at least 220 video
segments. We removed dates during which the total daily
number of video segments aired was <20 to focus on the
high-interest level periods, resulting in 565 unique video
segments. Table 1 provides information on the broadcasts on
key dates.
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Table 1. Information about the broadcasts.

Dates April  April  April Aprii May May May May May May May May Jduy July Jduly Jduly Auvu- Octo-

6 22 23 24 6 14 18 19 20 21 22 23 28 29 30 21 gust3 ber2

Total 29 43 37 43 22 33 25 56 38 29 32 29 28 51 24 24 27 24
videos, n

Seconds 6.62 558 535 405 199 4 1152 1104 584 228 6 434 6 635 35 375 444 205
per

episode

Minutes 32 4 33 29 073 22 48 103 37 11 32 21 28 54 14 15 2 0.82
per day

Once we identified the dates when cable news prominently
featured discussions about hydroxychloroquine with panels of
experts, we used the query tool by entering 2 variations of
hydroxychloroquine, “Hydroxychloroquing” and “Hydroxy,”
as the keywords. We added the names of 3 main cable news
channels: “FOX, CNN, and MSNBC.” We aso limited the
search by adding the term “aired between March 1, 2020, and
November 30, 2021." The search was performed using apublicly
available Python package on open-source GitHub Archives|[32]
to query thetelevision archive database. We modified an original
Python script (get_news_identifiers.py) toimplement the search
strategy for the videos that matched the key dates. We found
1147 videos, of which 425 (37.05%) were from Cable News
Network (CNN), 357 (31.12%) were from FOX News, and 365
(31.82%) werefrom MSNBC cable networks. Wethen retrieved
the full-text captioning of the videos using another script (ie,
scrape_archive_org.py), returning HTML files as output, with
captions demarcated to the minute. The script identifies and
parses the text segment based on the start and end of the time
stamps identified from the previous data-coding process. Then,
wefiltered a subset of these videos whose full text included the
word “hydroxychloroquine” or “hydroxy.” Filtering for
hydroxychloroquine yielded 585 videos (CNN: n=273, 46.7%,;
FOX News: n=117, 20%; and MSNBC: n=195, 33.3%). Upon
final review, we removed 10 videos because they were
duplicates, resulting in 575 videos.

Experts Information in the Broadcasts

The sampled videos were then shared with coders that marked
the expert speaker, comment start time, and comment end time.
For each video segment identified during the peak period dates,
we obtained the names and &ffiliations of the experts and
measured the amount of airtime they received by marking the
time stamps of their first and last appearances within the
segment. A custom Python script extracted the text of the expert
speaker to the nearest minute. Because the time marker of the
transcript isat a 1-minute interval, the parsing procedures may
include extraneous text, such as the host’s introduction of the
expert in the output text. Although the added text by the host
may introduce potential errors in extracting the expert’s core
message, the nature of the content isrelated and rel evant; thus,
the validity of the analysis would remain intact.

The coding process involved a team of 3 researchers and 3
graduate students who analyzed each person featured in the
video segment the show hosts interviewed. Typicaly, the
identifying information about a person, such as their name,
credentials, and affiliation, appeared at the bottom of the screen.

https://infodemiol ogy.jmir.org/2023/1/e45392

The coders categorized aperson as an expert if their credentials
listed aterminal doctorate in medicine or a relevant scientific
discipline such as microbiology or epidemiology. Otherwise,
the person was coded as a nonexpert. If the video segment did
not provide complete credentials and affiliations, the coders
searched Google and Linkedin to verify their expert status.
Individuals whose incomplete information could not be verified
were excluded from the data set. The coders deliberated on
individuals who sounded knowledgeable to include or exclude
in the experts categories, with the inclusion criteria that
evaluating or providing expert inputs on hydroxychloroquine's
effectiveness as therapeutic for COVID-19-related symptoms
requiresascientific or clinical understanding of its applicability
as a new treatment aternative. We excluded paliticians,
lobbyists, lawyers, news contributors, correspondents, hosts,
and political appointees holding administrative positions in
organizations who did not have academic credentials or prior
professional experience in the medical-related field.

We measured the amount of airtime received by experts by
recording the start and end time stamps of the conversations
between the news host and the experts. The duration of the
host’s introduction was subtracted from the calculation. If the
conversation involved multiple exchanges between the host and
the expert, the total duration of the expert's appearance was
recorded. In cases where multiple experts were featured in the
show, each expert’s contribution was captured separately. We
addressed syntax and duration calculation errorsin the samples
and removed samples with missing data. In total, we identified
354 unique experts.

Sentiment Analysis of the Samples Broadcasts

The entire corpus was processed using latent Dirichlet
allocation-based topic modeling and an automated sentiment
analysis program using Amazon Web Service Comprehend
(AWSC). This cloud-based automated service uses machine
learning to process the videos' full text for sentiment analysis.
This process involves training a classifier on alabeled data set
to predict sentiment polarity, including positive, negative, and
neutral categories. AWSC is similar to other commercial
software applications such as Linguistic Inquiry and Word Count
(LIWC) or NVivo and open-source programming languages
such as Python and R, which provide sentiment classifier
packages such as Natural Language Toolkit, Gensim, and topic
modeling. These packages enable automatic tabulation and
numerical calculation of sentiment scores for sentences,
paragraphs, and documents. Typically, sentiment scores range
from O (lowest) to 1 (highest) for discrete sentiment polarity or
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from -1 (negative) to 1 (positive) for a combined sentiment
polarity scale. However, AWSC was preferred because of the
ease and appropriateness of analyzing extensive text data,
scalability, and the latest features while accurately identifying
positive and negative sentiments in text.

Sentiment analysis approaches have been used in prior research
to understand mediated and health-rel ated content; for example,
a study analyzed positive, negative, neutral, and ambiguous
tones of tweets on e-cigarettes [33]. Studies have used
computer-aided sentiment analysis to annotate sentiments
directionality to better understand sentiments experienced
following alcohol-induced blackouts [34] and on breast cancer
socia networks [35].

The sentiment analysis process follows a lexicon-based
classification that categorizes each word in each text as positive,
negative, or neutral based on a predefined dictionary. For
instance, words such as “joy,” “happy,” and “excited” are
classified as positive sentiment words, whereas “angry,”
“scared,” and “sad” fall into the negative sentiment category.

Yimet a

The number of words identified in each sentiment category or
polarity can then be compared across different documents. The
count of sentiment polarity occurrences in each document can
be normalized on a standard scale or combined into a single
scale, such as -1 to 1, where negative values indicate negative
polarity, positive values denote positive sentiment, and 0
represents neutral sentiment. However, inferring document
sentiment solely based on the relative occurrence of
sentiment-embedded words can be challenging, especialy in
cases where such words are sparse, such as in academic
manuscripts. A machine learning approach trains amodel on a
prelabeled data set of documents and their corresponding
sentiment outcomes as discrete categories or numerical scores
to derive a predictive sentiment classifier, overcoming the
gparse-word challenge. This model can then predict the
sentiment for a focal set of documents. To better understand
what might drive the sentiment scores, weisolated the comments
made by the experts and ranked them according to their
sentiment scores. Examples of expert comments with high
positive or negative sentiment scores are shown in Textbox 1.

Textbox 1. Examples of positive and negative sentiments in experts’ comments.

Examples of positive sentiment broadcast comments

Examples of negative sentiment broadcast comments

“We continue to study the effectiveness of Hydroxychloroquine and other therapies in the treatment and prevention of the virus, and we will
keep the American people fully informed of our fighting. Hydroxychloroqguine is looking like it's having some good results. i hope that would
be a phenomenal thing but we have it right now.” [Mehmet Oz, FOX News on April 4, 2020; score: 0.982]

“...Hydroxychloroquine that the doctor was talking about in test tubes and seems to be more effective against the virus, and this is the one that
has been used more or less around the world. thisis the one that the French looked at and had a pretty profound response...I’ m very happy about
the University of Minnesota is testing and studying this drug. The University of Washington is giving six patients, and what it looks like it's
coming out about thisdrug isit works better if it isused early in the process before the coronavirus covid-19 really takes on steam. so that’s what
| am looking at.” [Marc Siegel, FOX News, on March 24, 2020; score: 0.983]

“Some compounds in a test tube appear to have an anti-viral capacity and are worthlessin humans. A recent example of acompound like that is
Hydroxychloroquine, which in vitro appeared to have antiviral capabilities but, tested in human beings, isworthless...you hear proponents of this
people say | have seen it with my own eyes have incredible power, which you know is al well and good. it sounds great, and maybe that person
actually believes it, but that is not actually how science works.” [Jonathan Reiner, Cable News Network (CNN), on August 17, 2020; score:
0.996]

“1 can't prescribe Hydroxychloroquine for my lupus patients because so many other people have gotten prescriptions who don’t need them. you
can see how the misinformation actually leadsto pretty bad consequencesfor patients...it is pretty bad.” [Kavita Patel, MSNBC, on April 5, 2020;
score: 0.975]

“The American corporations...are globalist and they want to push a global agenda and make sure that when the time comes for Chinato be open
to that they aren’t on the wrong side of China's propaganda arm the Chinese government. That's why they are alowing it. if people are telling
people, Hydroxychloroquine doesn’t work. Saying that they will dieif they takeit. they are being allowed to get.” [Harmeet Dhillon, FOX News,
on April 1, 2020; score: 0.973]

Ethical Consider ations

they appeared. Their statements expressed an average score of
0.16 for positive sentiments, 0.29 for negative sentiments, 0.33

The data collected for this study were obtained from publicly
available sources. The study did not involve any interaction
with users. Therefore, ethical approval was not required for this
study.

Sample Statistics

Table 2 showsthe descriptive statistics and pairwise correlations
among the key variables used in this study. On average, experts
werefeatured for 264.72 seconds per cable news show inwhich

https://infodemiol ogy.jmir.org/2023/1/e45392

for neutral sentiments, and 0.21 for mixed sentiments. Of the
565 video segmentsanalyzed, 354 (62.7%) featured expertsand
64 (11.3%) featured government affiliates. Of the 565 video
segments analyzed, the largest number of monthly totals was
aired in April, with 171 (30.3%) video segments, followed by
150 (26.6%) segmentsin May, 100 (17.7%) segmentsin March,
87 (15.4%) segmentsin August, 45 (8%) segmentsin July, and
12 (2.1%) segments in October.
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Table 2. Summary statistics and pairwise correlations among key variables (number of observations=565).

Varigdbles Va- Va- In(AIR- DOC- GOVT- POSI- NEGA- NEU- MIXED March April May Jduy Au- Oco-
ue, ue, TIME) TOREX- EX- TIVE TIVE TRAL gust ber
mean range PERT PERT
(SD)

In(AIR- 513 1.39- 1.00 _a — — — — — — — — — - =

TIME)  (L00) 8.15

DOC- 063 01 -014 100 — — — — — — — — — - -

TOREX- (049)

PERT

GOVT- 011 01 0.16 -0.14 1.00 — — — — — — — — — —

EXPERT (032

POSI- 016 O 0.21 0.02 0.25 1.00 — — — — — — — — —

TIVE (018 0.94

NEGA- 029 O- -0.07 -0.06 -0.16 -0.54 1.00 — — — — — — — —

TIVE (023 097

NEU- 033 O -0.16 -0.09 0.03 -0.05 -0.37 1.00 — — — — — — —

TRAL (021) 0.98

MIXED 021 O- 0.05 0.13 -0.07 -0.22 -0.25 -0.55 1.00 — — — — — —
(021) 0.93

March 018 01 0.16 -0.01 0.24 0.27 -0.30 0.08 0.01 -0.53 100 — — — —
03)

April 030 01 -0.01 0.12 -0.02 0.03 -0.04 0.03 -0.01 -0.39 -031 1.00 — — —
(046)

May 027 01 -011 -0.11 -0.18 -0.13 0.17 0.00 -0.07 -0.02 -028 -040 100 — —
(044

July 008 01 -0.20 0.02 0.08 -0.02 0.03 -0.06 0.05 0.32 -014 -019 -018 100 —
027

August 015 01 014 -0.01 —-0.06 -0.18 0.19 -0.12 0.07 0.69 -020 -028 -026 -013 1.00
035

October 002 01 0.02 -0.06 -0.05 0.03 -0.06 0.08 -0.05 0.40 -007 -010 -009 -004 -006
(014

@Not applicable.

. The second independent variable, GOVTEXPERT, identified

Study Variables ®

The unit of analysisisthe expert’s appearance on a cable news
show per video segment. The dependent variable in this study
is AIRTIME. AIRTIME is measured by calculating the
difference between the start and end time of aguest’s appearance
on the cable news network’s show in seconds. The values were
log transformed to mitigate the skewed distribution of airtime.
Table 2 displays that, on average, AIRTIME is 5.13 or 264.72
seconds.

A total of 6 independent variables are of interest in this study.
The first 2 are DOCTOREXPERT and GOVTEXPERT. The
second set includes the 4 types of sentiments expressed in the
broadcasts: POSITIVE, NEGATIVE, NEUTRAL, and MIXED.
The independent variable, DOCTOREXPERT, identified a
featured guest’s expertise on the subject matter because of the
advanced doctorate degree and subsequent clinical practice
involvements. If the featured guest had a degree in medicine or
an advanced degree in a relevant scientific discipline such as
microbiology or epidemiology, the variable was coded as 1 and
otherwise as 0. The study sample featured an approximately
equal distribution of experts (354/565, 62.7%) and nonexperts.

https://infodemiol ogy.jmir.org/2023/1/e45392

a featured guest’s affiliation with a government organization.
An dffiliation variable with other organizations, such as
academic institutions, health organizations, news organizations,
or private practice, was also considered. Only one affiliation
type was associated with each featured guest, and the variable
was coded as 1 for the affiliation and otherwise as 0. Of the
various affiliations, only the government affiliation (64/565,
11.3%) was considered for this study, as other affiliations did
not show any statistical significanceto explain airtime. Together,
these variables comprise a featured guest’s credibility in their
expertise to report facts or opinions about hydroxychloroquine
as alegitimate therapeutic for COVID-19.

The machine learning algorithm measured the 4 variables
associated with sentiments expressed in featured guests
statements. Each measurement scale ranged from 0 to 1, with
1 representing the highest level of sentiment expressed. In
general, featured guests showed more sentiments in their
statements, with combined sentiment scoresof 0.67: POSITIVE,
NEGATIVE, MIXED, and NEUTRAL sentiments scored 0.16,
0.29, 0.21, and 0.33, respectively.
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Statistical Analyses

The empirical modd examined the relationship between experts
credibility, experts sentiments expressed during broadcasts,
and the airtimethey received. The modelsincluded controlsfor
months and days adjust for variations in the opportunities and
interests of experts, and variation in the number of cable news
appearances over time appearing on cable news networks to
discuss hydroxychloroquine. Tobit regression was used that
accounted for extreme airtime values at the upper and lower
bounds, where some experts who should have received airtime
did not appear on the show. The specified and estimated
interaction models build on abase model that specify credibility

Textbox 2. Interaction model with DOCTOREXPERT and GOVTEXPERT.

Yimet a

variables direct effects on airtime. We then each one of the 3
highly correlated sentiment-dummy variables separately in
regressions to avoid multicollinearity, improve the accuracy
and comprehensiveness of the analysis, and draw comparable
insights about each variable. We added dummy variables
reflecting cable news channelsto cluster the error variancesthat
may arise from the repeated measures of cable news shows.
Including time dummy variables and cable news clustering
variables minimizes the bias associated with the model
specification. Textbox 2 shows the interaction model
specifications that were estimated, in which i denotes one
broadcast as the unit of analysis:

o 11 In(Airtime)i = 0 + BLDOCTOREXPERTI + B2GOVTEXPERTi + B3DOCTOREXPERTI x GOVTEXPERTI + Controls + €i

o 12 In(Airtime)i =

e« 13 In(Airtime)i =

o« 14 In(Airtime)i =

« 15 In(Airtime)i =

B0 + BIDOCTOREXPERT + B2GOVTEXPERT + B3POSITIVEI + BADOCTOREXPERTI x GOVTEXPERTI
B5DOCTOREXPERTi x POSITIVEi + B6GOVTEXPERTI x POSITIVEi + Controlsi + i

B0 + P1DOCTOREXPERTI + B2GOVTEXPERTI + B3NEGATIVEI + BADOCTOREXPERTI x GOVTEXPERTI
BSDOCTOREXPERTI x NEGATIVEi + B6GOVTEXPERTI x NEGATIVE + Controlsi + &i

B0 + PIDOCTOREXPERTI + B2GOVTEXPERTI + B3NEUTRALI + BADOCTOREXPERTI x GOVTEXPERTI
B5DOCTOREXPERTI x NEUTRALI + B6GOVTEXPERTI x NEUTRALI + Controlsi + ¢i

RO + PBIDOCTOREXPERTI + B2GOVTEXPERTI + B3MIXEDi + P4DOCTOREXPERTI x GOVTEXPERTi
B5DOCTOREXPERTi x MIXEDi + B6GOVTEXPERTi x MIXEDi + Controlsi + €i

+

+

+

+

Results

Overview

Cable televison broadcasts used in this sample for
hydroxychloroguine span approximately 5 to 265 seconds, with
high participation of academic doctor experts (354/565, 62.7%)
but fewer government experts (64/565, 11.3%). The broadcasts
were equally positive, negative, or mixed, but with a higher
neutral sentiment coefficient score. Doctorsreceived lessairtime
(correlation of -0.14 with AIRTIME) as compared with
nonexperts, but government experts received more artime
(correlation of 0.16 with AIRTIME). In general, featured guests

https://infodemiol ogy.jmir.org/2023/1/e45392

showed more sentiments in their statements, with combined
sentiment scores of 0.67: positive, negative, mixed, and neutral
sentiments scored 0.16, 0.29, 0.21, and 0.33, respectively.

The results of the Tobit regression model estimation are shown
in Table 3. There are 5 sets of columns, with the first column
displaying the coefficient estimates of each variable and the
second column displaying the P values. First, with respect to
the DOCTOREXPERT variable, the coefficient estimate is
negative and statistically significant (—0.181; P=.01); however,
although its valence is primarily negative, its statistical
significance is inconsistent across specifications, suggesting
that other factors likely moderate the effect of
DOCTOREXPERT on airtime.
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Table 3. Full interaction model of Tobit regression results.®?
Variables DV, airtime (seconds; log transformed)
11 12 13 14 15
All (SE) Pvaue  All (SE) Pvalue AII(SE) Pvaue All(SE) Pvaue AII(SE) Pvaue
DOCTOREXPERT -0.181 .01 -0.117 17 0.147 .16 -0.197 <.001 -0.035 .86
(0.070) (0.085) (0.104) (0.044) (0.191)
GOVTEXPERT 0.674 (0.084) <.001 0.281 .04 0.798 <.001 0.940 .09 0.612 <.001
(0.133) (0.054) (0.561) (0.011)
POSITIVE n/ad N/A 0.267 21 N/A N/A N/A N/A N/A N/A
(0.211)
NEGATIVE N/A N/A N/A N/A 0.247 <.001 N/A N/A N/A N/A
(0.057)
NEUTRAL N/A N/A N/A N/A N/A N/A -0.723 <.001 N/A N/A
(0.235)
MIXED N/A N/A N/A N/A N/A N/A N/A N/A 0.566 .03
(0.266)
DOCTOREXPERT x -0.631 .03 -0.667 .02 -0.873 <.001 -0.693 .05 -0.819 .02
GOVTEXPERT (0.281) (0.288) (0.230) (0.353) (0.356)
DOCTOREXPERT x N/A N/A 0.286 .50 N/A N/A N/A N/A N/A N/A
POSITIVE (0.424)
DOCTOREXPERT x N/A N/A N/A N/A -0.675 <.001 N/A N/A N/A N/A
NEGATIVE (0.148)
DOCTOREXPERT x N/A N/A N/A N/A N/A N/A 0.344 41 N/A N/A
NEUTRAL (0.419)
DOCTOREXPERT x N/A N/A N/A N/A N/A N/A N/A N/A -0.225 .64
MIXED (0.474)
GOVTEXPERT x POSI- N/A N/A 0.938 <.001 N/A N/A N/A N/A N/A N/A
TIVE (0.084)
GOVTEXPERT x NEGA- N/A N/A N/A N/A -0.706 .05 N/A N/A N/A N/A
TIVE (0.356)
GOVTEXPERT x NEU- N/A N/A N/A N/A N/A N/A -1.080 .35 N/A N/A
TRAL (1.162)
GOVTEXPERT x MIXED N/A N/A N/A N/A N/A N/A N/A N/A 0.194 .82
(0.831)

8A set of control variables, including dummy variables for months and days,

are included in the modél.

b1.1: number of observations=564, log pseudolikelihood=—728.06, Akaike information criterion=1460.11; 1.2: number of observations=437, log
pseudolikelihood=-536.41, Akaikeinformation criterion=1076.82; 1.3: number of observations=437, log pseudolikelihood=-539.31, Akaikeinformation
criterion=1082.62; 1.4: number of observations=437, log pseudolikelihood=-533.23, Akaike information criterion=1070.47; 1.5: number of
observations=437, log pseudolikelihood=-538.87, Akaike information criterion=1081.73.

°DV: dependent variable.
IN/A: not applicable.

Second, the GOVTEXPERT variable shows a positive
coefficient and moderate to solid statistical significance across
specifications, indicating that experts affiliated with the
government received more airtime. Third, sentiments generally
show positive coefficients compared with neutral sentiments.
The positive (0.267; P=.21), negative (0.247; P<.001), and
mixed (0.566; P=.03) sentiments are positively associated with
airtime. However, neutral sentiment (-0.723; P<.001) is
negatively associated with airtime. However, the coefficient for
positive sentiment is not statistically significant, suggesting that
a positive opinion may depend on other contextual factors.

https://infodemiol ogy.jmir.org/2023/1/e45392

The interaction term between DOCTOREXPERT and
GOVTEXPERT isnegative and statistically significant (—0.631,;
P=.03 for base model specification) across specifications,
indicating that the 2 operationalized credibility variablesamplify
one another. Specifically, government-affiliated experts with a
doctorate received less airtime compared with nonexperts.

More interestingly, we found that extreme valence sentiments,
such as positive and negative sentiments, interact with the
credibility variablesfor DOCTOREXPERT and GOV TEXPERT
affiliation differently. For positive sentiments, there was a
statistically significant interaction with GOV TEXPERT (0.938;
P<.001) but not with DOCTOREXPERT (0.286; P=.50). For
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negative sentiments, we observed a significant interaction with
both DOCTOREXPERT (-0.675; P<.001) and GOV TEXPERT
(—0.706; P=.05), indicating that the rel ationship between expert
affiliation and sentiment influences airtime differently depending
on the valence of the sentiment.

These findings indicate that when experts express clear
sentiments, it can directly impact the airtime they receive.
Specifically, positive sentiments positively moderate the
credibility of expertsin gaining more airtime, whereas negative
sentiments negatively moderate the credibility of experts in
receiving less airtime than nonexperts. This suggests that the
audience may be moreinterested in hearing positive news from
authoritative sources and less interested in hearing negative
news.

However, we found no statistical significance for neutral and
mixed sentiments. This may suggest that regardless of
credibility, neutral sentimentsdo not directly impact the amount
of airtime received. One plausible explanation is that neutral
sentiments may be perceived as uninteresting, and mixed
sentiments may be perceived as confusing, resulting in less
airtime dedicated to these sentiments.

Robustness Checks

We checked the robustness of the Tobit regression results across
the base models and with different interactions between the
sentiment and experts' relevant variables. The results remained
relatively similar, with minor changes to the values of the
coefficients.

We checked whether the results were affected by the software
or procedure for coding the sentiment val ues. We acknowledge
that our choice of AWSC to conduct sentiment analysesis based
on aspecific set of assumptionsaround the model. Nevertheless,
we checked with Empath, VADER (Valence Aware Dictionary
and Sentiment Reasoner), LIWC techniques, and AWSC tools
for coding sentiment values. Empath and VADER are available
as Python packages that rely on a lexicon-based approach to
sentiment analysis using predefined dictionaries of words and
phrases with assigned sentiment scores. VADER can handle

https://infodemiol ogy.jmir.org/2023/1/e45392

Yimet a

negations and context-dependent sentiment classification and
detect the intensity of emotions and sentiments; however, its
accuracy may be lower than that of other methods. Our
regression results, with the coded variables from Empath,
VADER, and LIWC, remain similar, with some variations in
the statistical significance. Broadly, we can say that LIWC and
Empath are inconsistent because their sentiment methodology
counts, but it does not adjust for the context, whereas results
from AWSC and VADER both show consistent results.

We conducted aregression analysis using 3 sentiment polarity
scores, whose values were predicted on a scale of 0 to 1.
Unfortunately, the variational inflation factor on a simplified
specification model consisting of all 3 sentiment polarities shows
a variance inflation factor score above 2.5, a general index
threshold for indicating multicollinearity, thereby limiting our
ability to use the 3 sentiment dummies in the same models. We
then merged the 3 categories into one variable, in which case
theresults cameto be positive and showed significant interaction
with  DOCTOREXPERT and not significant with
GOVTEXPERT variables. However, this does not indicate the
positive or negative sentiment effects expressed in the
comments.

Additional Analyses

We conducted additional analyses to further delve into the
details related to using expert sources in discussions about
hydroxychloroquine as a therapeutic for COVID-19 on cable
news networks and to understand any potential differencesin
using expert sources and messages among the networks. We
found that nonexpert sources were used more frequently than
expert sources to discuss the therapeutic validity of
hydroxychloroquine and that the amount of airtime allocated
to expert sources decreased over time (Figure 1).

We aso found that a small number of experts accounted for a
significant proportion of the total airtime allotted to expertson
each network. The top 5 voices represented >40% of airtime
on CNN and MSNBC and slightly >50% on FOX News (Table
4).
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Figure 1. Comparison of experts versus nonexperts airtime across cable networks.
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Table 4. Share of total airtime by featured experts across cable networks.
Name Share (%)
CNN?
Sanjay Gupta 18.49
Anthony Fauci 9.57
Peter Hotez 4.89
Celine Gounder 4.73
Jonathan Reiner 451
FOX News
Mehmet Oz 23.02
Deborah Birx 11.26
Marc Siegel 6.89
Nicole Saphier 551
Stephen Hahn 5.2
MSNBC
Kavita Patel 15.78
Amesh Adalja 8.43
Natalie Azar 7.52
Vin Gupta 6.64
Ezekiel Emanuel 6

8CNN: Cable News Network.
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The top 5 experts represented >40% of the airtime allotted to
experts on CNN and MSNBC. On FOX News, the leading 5
experts accounted for dightly >50% of the airtime. An analysis
of thetop 3 experts shows some variability among the networks.
The CNN medical correspondent Dr Sanjay Guptareceived the
most airtime, followed by Dr Fauci and Dr Peter Hotez, an
expert in infectious diseases and vaccine devel opment and dean
of the National School of Tropical Medicine at Baylor College
of Medicine.

On FOX News, Dr Mehmet Oz, a celebrity, received the most
airtime, followed by Dr Deborah Birx and Dr Marc Siegel, the
FOX News medical correspondent. MSNBC does not have a
dedicated medical correspondent. On MSNBC, Dr KavitaPatel,
a former Federal Administration Official associated with the
Center for Health Policy at the Brookings Institution, received
themost airtime, followed by Dr Amesh Adalja, asenior scholar

Yimet a

at the Johns Hopkins Center for Health Security, and Dr Natalie
Azar, aNational Broadcasting Company (NBC) News Medical
Contributor and a professor at New York University Langone
School of Medicine. Furthermore, our analysis revealed that
the sentiment in the broadcast toward hydroxychloroquine was
marked by a heated exchange of opinions and charged
sentimentsin contrast to ameasured and thoughtful discussion.
Both experts and nonexperts exhibited a range of sentiments,
with positive, negative, and mixed sentiments occurring more
frequently than neutral sentiments (Figures 2 and 3). Although
some experts expressed negative views on the effectiveness of
hydroxychlorogquine and the negative consequences surrounding
its use, others expressed positive sentiments and highlighted
the ongoing studies on its potential use in the treatment and
prevention of COVID-19. However, the experts emphasized
the importance of studying the drug and informing the public.

Figure 2. Comparison of sentiments across cable networks and top experts in sampled broadcasts. CNN: Cable News Network.
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Figure 3. Comparison of sentiments across cable networks in sampled broadcasts. CNN: Cable News Network.
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Explanation of Key Findings

Before discussing the implications of the findings of this study,
we highlight the key findings. This study informs a substantial
issue regarding how information is generated and disseminated
to the public through cable television networks. Experts with
advanced degrees, such as MDs and PhDs, are often seen as
highly credible sources of information on public health issues.
However, the findings suggest that they would receive less
airtime on cabletelevision. Academic expertise credibility may
not be sufficient to be perceived as a persuasive dimension by
the audience. Alternatively, these experts may not need much
airtime except for what is taken to ratify the credibility.
Government officials receive more time than nonexperts, even
accounting for the positive or negative sentiments expressed
during the broadcast. This could be due to their perceived
authority from their positional power, confidence on camera,
or experience with media appearances.

It is important to note that positive sentiments are generaly
associated with more airtime, whereas neutral or “boring”
sentiments are negatively associated with airtime. Interestingly,
displaying negative sentiments alone does not necessarily lead
tolessairtime. Instead, when doctors display negative sentiment,
it impactstheir airtime negatively. Mixed sentiments, in contrast,
seem to be positively associated with airtime.
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comprehensive health information disseminated in cable
television broadcasts. Given that academic experts do not get
much airtime compared with government officials, does the
public get a complete perspective? Should the media consider
abalanced representation of credible sourcesto ensurethe public
gets accurate and comprehensive health information?

Implications

The findings of this study have severa practice and policy
implications. First, this study draws insights into the influence
of cable television on health communications and specifically
highlights that broadcasters must be careful about the
information they disseminate. Government officials get more
airtime than academic experts, which may be because of their
optimistic or biased statements. Academic experts who can
provide more scientific facts do not get much airtime. Experts’
choices and preparations must be made carefully to instill
credibility [12], alack of which polarizes and politicizes health
communications, which was evident during the pandemic
[23,24].

This study sheds light on the specific context of information
spread in cable broadcasting and its comparison with prior
research on the spread of health information in social media
[27]. Emotional-moral words correlate with ahigher likelihood
of being retweeted, and emotions are essential in making content
contagious on social media [27-30]. Studies have shown how
moral emotions shaped information spread on Twitter and other
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media about hydroxychloroquine as a solution to COVID-19
[29,30].

The findings have implications to highlight some elements of
cable television discussions around hydroxychloroquine that
differ from social mediain 2 ways. First, aprior study has also
identified and characterized scientific authority—related
discussions about hydroxychlorogquine in Twitter, alluding to
medical experts’ credibility aspect of sources[27]. Thefindings
of this study contrast with the earlier claim highlighting that
there is less airtime for experts or authority figures in cable
television broadcasting compared with the prominence of
authority figures used on Twitter—a meaningful comparison
asboth authority figuresand moral emotions shaped information
spread on Twitter and other media about hydroxychloroquine
as a solution to COVID-19 [29,30]. The contrast in the use of
the expert’s credibility suggeststhat the medium of the discourse
(cable vs Twitter) influences what type of content is spread or
prominent; specifically, in the context of embedding the content
with sentiments, both media have very different orientations
for dissemination. These findings add further insightsinto how
source credibility and health communications across different
mediums differ in their shape, context, and ways of propagation.

Content broadcastsfor scientific topicsdiffer qualitatively from
the information diffused through social media. The content
broadcast on television isthe product of acollaborative activity
that includes scientists, journalists, editors, experts, and the
public. The centerpiece of the collaboration is the interaction
between journalists and their sources, often subject matter
experts in their domain. The information provided by these
experts helps shape and illuminate the story [36]. In the routine
practice of science and medical journalism, journalists generally
rely on materia published in well-respected peer-reviewed
journals, administrators of respected institutions, researchers,
and sources that have previously spoken to the press[37]. The
findings of this study raise a substantial challenge to public
health communi cators and specialistswho are frequently advised
to build working relationships with journalists [38]. However,
different cable news networks may develop their relationships
with different sources, and a few sources dominated the
discussion about hydroxychloroquine.

Moreover, despite the available scientific data, or the lack of
data in the initial stages, the expert sources on the different
networks expressed different sentiments regarding its efficacy.
Because viewers generally do not watch al 3 cable news
networks, the information they received was dictated by the
network they watch. For instance, FOX News viewers
perspectives on the appropriateness of  taking
hydroxychloroquine differed sharply from CNN and MSNBC
viewers. Particularly in the peak periods, when
hydroxychloroquine was most frequently mentioned on cable
news networks, the focus of the stories was not specifically on
the merits or demerits of the drug. The expert opinions were
expressed within the context of a broader newsworthy event.
The experts also shared insights and discussed with nonexperts
on the same broadcasts. The opinions of journalists, politicians,
and others were often as prevalent as those of medical and
scientific experts.
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The mistaken suggestion that hydroxychloroquine could be used
totreat COVID-19 had areal-world impact. Prescriptionswritten
for the drug soared, resulting in thousands of people taking
ineffective and potentially harmful treatment, which put pressure
on the drug supply for those who needed it. The dynamics of
the discussion about hydroxychloroquine are evidence of the
development of filter bubbles and the polarization of critical
public health information on cable news networks. They have
an impact on decision-making and health outcomes. The
divergences in outlook are not quickly addressed by typical
health communication bromides, and public health officials
should deliver consistent information in an appropriate format
through channels of communication to which people attend. It
requires different strategies to mitigate conflicting sentiments
on complex public health issues.

Given the value of academic expertise to ensure that the public
can access accurate and comprehensive health information,
source credibility needs to be shown to the public in away that
they can assess and trust. Thisis a “trust-in-media’ issue that
goes beyond only viewership to be responsible for informing
the public on significant health issues. We recommend that the
channels indicate experts credibility during broadcasts. This
will help the audienceto reflect on the comments appropriately.

Limitations and Directions for Further Research

This study has afew limitations that future studies may be able
to address. First, the study’s data set focuses on the US
viewership of cable news, focusing on the 3 maor news
networks. Therefore, our findings may not be generalizable to
viewers elsawhere. Focusing on other issues around broadcasting
may provide more nuanced and enriched explanations for the
effect on the credibility-airtime associations. We did not capture
everything in our models, and future studies may explore many
such factors. This study was contextualized to the
hydroxychloroquine-related discussions during the COVID-19
pandemic. The generalizability of other contexts remains a
limitation that can only be explained after similar models have
been applied to varied contexts in future studies. Another
limitation of this study is that we used the cross-sectional data
set to examine the rel ationships between variables. We believe
that with multiple years of data from the same or similar
contexts, future research will be able to provide causal
inferences.

It could be argued that specific television programs, such as
morning news or current affairsroundups, have prior agreements
to alocate fixed interval times of airtime to featured guests to
adhere to scripted formats. However, it becomes difficult to
script and allocate a set time for individual experts regarding
controversial topics such as hydroxychloroquine for COVID-19
as a therapeutic. In such cases, it is unlikely that experts are
given predetermined amounts of airtime in a live, real-time
show. Instead, the allocated airtime may depend more on their
accessibility and the quality of theindividual experts' opinions
[39]. For instance, the ability of expertsto explain complicated
information may increase allocated airtime. Alternatively, the
depth or relevance of experts' opinions may increase allocated
airtimes. However, we acknowledge that the relationship
between expert credibility and airtime all ocation in this context
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does not necessarily indicate causality. A more robust analysis
with other explanatory variables, experiments, or a panel
data—oriented study design may be needed to establish causality.
Thus, this study is exploratory and focuses on severa
controversia discussions held on major cabletelevision channels
in the United States regarding the role of hydroxychloroquine
in the treatment of COVID-19. We used this unique and
significant context to explore how the credibility of expertsand
the credibility of information influence the alocation of airtime
in cable television.

Conclusions

This study focused on the message that the credibility of
broadcast sourcesisessential. Thesefindings call for responsible

Yimet a

behavior from broadcasters. The perceived credibility of the
origin of the information is a critical determinant in guiding
viewers' evaluation of whether the information is true or false
and consequently, the viewers opinion on the issue under
discussion [40]. As was evident during the pandemic,
discussions on the efficacy of hydroxychloroquine as a
therapeutic for COVID-19 could potentially mislead the public
into believing that there was a cure for COVID-19 that did not
exist [25]. A cacophony of voices clamors for attention to any
given topic, including politicians, journalists, and government
officias. In the case of pandemics and other medical issues,
doctors, scientific experts, and public discussions about
hydroxychloroquinewere no different [26]. Television channels
need to be careful about health communications from experts.
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Abstract

Background: Dentd caries is the most common health condition worldwide, and nutrition and dental caries have a strong
interconnected relationship. Foods and eating behaviors can be both harmful (eg, sugar) and healthful (eg, meal spacing) for
dental caries. YouTube isa popular source for the public to access information. To date, there is no information available on the
nutrition and dental caries content of easily accessible YouTube videos.

Objective: This study aimed to analyze the content of YouTube videos on nutrition and dental caries.

Methods: Intotal, 6 YouTube searches were conducted using keywords related to nutrition and dental caries. Thefirst 20 videos
were selected from each search. Video content was scored (17 possible points; higher scores were associated with more topics
covered) by 2 individuals based on the inclusion of information regarding various foods and eating behaviors that impact dental
cariesrisk. For each video, information on video characteristics (ie, view count, length, number of likes, number of didikes, and
video age) was captured. Videos were divided into 2 groups by view rate (views/day); differencesin scores and types of nutrition
messages between groups were determined using nonparametric statistics.

Results: Intotal, 42 videos were included. Most videos were posted by or featured oral health professionals (24/42, 57%). The
mean scorewas 4.9 (SD 3.4) out of 17 points. Videos with >30 views/day (high view rate; 20/42, 48% videos) had atrend toward
alower score (mean 4.0, SD 3.7) than videos with <30 views/day (low view rate; 22/42, 52%; mean 5.8, SD 3.0; P=.06), but this
result was not statistically significant. Sugar was the most consistently mentioned topic in the videos (31/42, 74%). No other
topics were mentioned in more than 50% of videos. Low-view rate videos were more likely to mention messaging on acidic
foods and beverages (P=.04), water (P=.09), and frequency of sugar intake (P=.047) than high—view rate videos.

Conclusions: Overall, the analyzed videos had low scores for nutritional and dental caries content. This study provides insights
into the messaging available on nutrition and dental caries for the public and guidance on how to make improvements in this
area.

(IMIR Infodemiology 2023;3:€40003) doi:10.2196/40003

KEYWORDS
dental caries; diet; nutrition; YouTube; internet; consumer health information

Introduction

Dentadl caries (or tooth decay) occurs when dietary fermentable
carbohydrates (eg, simple sugars) are metabolized by bacteria
in the mouth (eg, Streptococcus mutans) to produce a highly
acidic environment that can degrade tooth structures (eg,
enamel) [1]. Dental caries is the most common disease

https://infodemiol ogy.jmir.org/2023/1/e40003

worldwide. According to the 2019 Global Burden of Disease
Study, 2.0 billion people worldwide had untreated dental caries
in permanent teeth, and 0.5 billion children aged 0 to 14 years
had untreated caries in their deciduous teeth [2]. Untreated
dental caries is more common than cardiovascular diseases,
diabetes, cancers, mental disorders, and chronic respiratory
diseases worldwide [3]. The World Health Organization
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recommendsthat oral health care become part of universal health
care and that there is an increased emphasis on the prevention
of oral diseases[4].

Although dental caries can be attributed to numerousinterrel ated
factors described el sawhere[1,5], many foods and dietary habits
have been identified as important risk factors. Sugar, which is
a fermentable carbohydrate, is a major driving force for the
development of dental caries [6,7]. The World Health
Organization strongly recommends that children and adults
consume <10% of their calories as free sugars because of the
association between this dietary component and dental caries.
They also conditionally recommend reducing free sugar intake
to <5% of the total energy consumed because of an additional
protective effect of lower intakes on dental caries risk [8].
Sugary drinks (eg, soft drinks and juice) have also been linked
to dental caries, and limiting the consumption of these drinks
has been recommended [1,9-14]. Furthermore, foods that are
both sugary and starchy (eg, cakes and donuts) are thought to
be more cariogenic than foods containing sugar aone; this
outcomeislikely owing to the sugar being retained on teeth for
longer periods due to the stickiness of the starch [15,16]. In
addition, more frequent consumption of sugar (including
consumption between meals) is associated with an increased
risk of dental caries than less frequent consumption of sugar
[1,17]. Poor-quality diets can also cause nutrient deficiencies
(eg, vitamin D and calcium) that can cause issues with tooth
formation and mineralization, making them susceptibleto caries
development [7,18].

Dietary factors can also prevent the development of dental
caries. Foods that are thought to benefit teeth are whole grains,
fruits, vegetables, high-quality proteins, and dairy products such
as cheese and milk; spacing out meals is also thought to be
beneficial [1,14,19,20]. Furthermore, xylitol is thought to be
beneficial for dental caries prevention through different
mechanisms, including replacing sugar intake in the diet;
stimulation of saliva; and inhibition of the growth of cariogenic
bacteria [21]. Although diet is an important determinant of
dental caries, many studies have reported that health
professionals experience substantial barriers in providing diet
counseling for this issue, and often, this service may not be
provided [22].

Previous research has found that it is common for the public to
access web-based sources (eg, internet and social media) to
obtain health information [23-25]. For example, Shahab et al
[23] found that in the United States, 78.2% of individuals who
had ever used the internet had used this source in the previous
year to access health information. The Tracking Nutrition Trends
survey conducted by the Canadian Foundation for Dietetic
Research in 2015 found that 49% of survey respondents from
Canada used the internet, social media, and blogs to obtain
information on food and nutrition. They also found that this
activity was more common among the younger respondents
[26]. There are numerous reasons why members of the public
may seek health information from web-based sources, including
to obtain more knowledge on a health condition, supplement
infformation obtained from heath providers, explore
embarrassing topics, and obtain support from others [27,28].
However, despite the popularity of web-based information, there

https://infodemiol ogy.jmir.org/2023/1/e40003
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are concerns with accessing these sources, including the
presence of misinformation and potential harms of making
decisions based on unsubstantiated claims [27,29].

YouTube is one source of web-based information that deserves
attention. It is avideo sharing platform founded in 2005 and is
the second most highly trafficked website globally, with 34.6
billion visits each month [30]. In 2020, there were 2.3 billion
users of YouTube globally, and this has steadily increased over
the last several years [31]. The content uploaded to YouTube
isextensive. For example, for every minute as of February 2020,
atotal of 500 hours of video content was uploaded [32]. There
are many reasons why people use YouTube, including to learn
new things, problem-solving, entertainment, self-care (eg,
destress and relaxation), and to improve skills [33]. In a 2019
report, approximately 70% of YouTube users reported that this
platformisthefirst website they go to when trying to learn [34].
YouTube can also be easily accessed through different devices,
including computers, tablets, and mobile phones. Substantial
interest has been generated around the use of YouTube for
health-related purposes. To date, afew studies have shown that
YouTube videos can be beneficial for improving health-related
knowledge, attitudes, and behaviors [28]. However, despite the
popularity of this platform and the interest in its use for
health-related purposes, the content of YouTube videos is not
reviewed to ensure accuracy and comprehensiveness.

To date, several studies have been conducted on the content of
health information available on YouTube. These studies have
been summarized in different review articles[28,35-38]. These
articles have reported that, in general, videos do not
comprehensively cover various health topics and that the content
quality of videos varies widely, with many studies reporting a
high prevalence of poor-quality videos or nonuseful videos and
a low prevalence of good-quality videos. However, some
high-quality videos are available in some topic areas [37,38].
In addition, many studies have found either no relationship
between video quality and engagement (eg, views and likes) or
a negative relationship (ie, as quality decreases, engagement
increases) [38]. These articles have also found that videos tend
to be of higher quality when they feature health professionals
(eg, physicians) or health organizations[37]. Although numerous
studies have assessed the content of various types of
health-related YouTube videos, to our knowledge, no studies
have examined the content of YouTube videos related to
nutrition and dental caries. Owing to the high prevalence of
dental caries worldwide, the strong relationship that diet has
with dental caries, the popularity of YouTube, and the barriers
experienced by health professionals providing support on this
issue, information on thistopic is needed.

The purpose of this study wasto analyze the content of YouTube
videos regarding dental caries and nutrition that are easily
accessible using default search settings. We were a so interested
in examining nutrition messaging according to creator type and
engagement.
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Methods

Ethical Consider ations

This study was exempt from ethical review from the University
of Saskatchewan Behavioural Ethics Office as per Article 2.2
of the Tri-Council Policy Statement (TCPS): Ethical Conduct
for Research Involving Humans—TCPS 2 (2018) [39].

Video Selection

Our strategy was to search for YouTube videos that would be
most accessible to the public searching for educational content
regarding nutrition and dental caries. Google Keyword Planner
[40] was used to select 2 dental caries—+elated keywords and 3
nutrition-rel ated keywords. For dental caries, the 2 top keywords
associated with this concern were tooth decay and dental
cavities. The top 3 keywords for nutrition were nutrition, diet,
and food. Thisresulted in atotal of 6 searches: tooth decay and
nutrition, tooth decay and diet, tooth decay and food, dental
cavities and nutrition, dental cavities and diet, and dental
cavities and food. Videos were eligible for inclusion if they
were in English, <20 minutes in duration, and included
information about nutrition and dental caries. We chose <20
minutes in duration as the inclusion criteria because similar
time frames have been used in previous related work [41,42].
A 2018 study also found that 90% of respondents preferred
instructional and informational videosto be <20 minutes [43].

The YouTube searches were conducted on May 17, 2021, using
the default settings on YouTube to best replicate the search

Longet d

strategy used by the public. The searches were conducted by
ML, a female undergraduate nutrition student, using Google
Chrome’s Incognito mode to prevent bias when conducting the
searches. ML opened anew incognito window to complete each
search. Each of the 6 YouTube searches were completed in a
sequence, and the first 20 videos were recorded from each
search. Thefirst 20 videos were chosen because similar numbers
have been used in other related studies [44-46]. We a so chose
the first 20 videos because previous work has found that most
people who use the internet do not look past the first search
results page [47]. For each video, the title, publisher, country
of origin, total number of views, date posted, URL, length in
minutes, whether the video was an animation, and the number
of likes and dislikes were recorded by ML in Microsoft Excel
365. Transcripts for each video were also downloaded from the
YouTube website.

Video Scoring System

Owing to the numerous dietary factors that can affect the risk
of dental caries, a scoring system was devel oped to be used for
this study. This type of approach (scoring system or presence
or absence of content in videos) has been used in other related
YouTube content analysis studies [48-52]. The scoring system
had 17 possible points, with higher scoresindicating that more
topic areas were covered. Table 1 lists each of the topic areas.
The inclusion of misinformation in videos was not considered
in the scoring tool. This approach has al so been used el sewhere
[51].

Table 1. Scoring system to assess messaging in theincluded YouTube videos (total possible score: 17 points).

Message assessed in each video

Score, n

Dental caries mechanism
Factorsthat increasetherisk of dental caries (or poor oral health)
Acidic foods and beverages

Any mention of sugar

Sugary drinks (eg, soda, fruit juices, energy drinks, and sweetened coffee and sweetened tea)

Sticky foods (eg, dried fruit)

Frequency of sugar intake (eg, frequent and prolonged intake of simple sugars or limiting snacking or eating sugary

foods with meals or eating sticky foods alone)
Candy (either in general or specific types of candy)

Snack foods high in sugar and starch (eg, cookies, cakes, and pastries)

N = S

[N

Factorsthat reducetherisk of dental caries (or promote good oral health)

Chewing sugar-free gum or eating sugar-free candy or xylitol

Vegetables and fruit (including specific vegetables and fruits)

Protein from high-quality sources (eg, meats, nuts, seeds, and legumes)

Whole grains

Water

Dairy products (both in general or mentioning specific products)
Drink beverages with a straw

Brush teeth after meals or brush teeth at least 2 times/day
Mention food guide or food label reading

N e N = T = T = T = N S

https://infodemiol ogy.jmir.org/2023/1/e40003

JMIR Infodemiology 2023 | vol. 3 | e40003 | p.115
(page number not for citation purposes)


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

JMIR INFODEMIOLOGY

This scoring system was developed partially based on the
Academy of Nutrition and Dietetics' most recently published
position paper on Oral Health and Nutrition [1], which identifies
dietary patterns and eating behaviors associated with an
increased and decreased risk of dental caries. In this position
paper, dietary patterns and behaviors that were identified as
causing an increased risk of dental cariesincluded sugar intake,
sugary beverage intake, candy intake, starchy and sugary food
intake, sticky food intake, and frequency of consuming sugary
foods and beverages. For dietary patterns and behaviors
associated with decreased risk, the position paper included
sugar-free gum and candies, vegetables and fruit, high-quality
protein foods, and whole-grain foods.

Dietary factors were also added to the scoring tool based on
content from other high-quality evidence-based sourcesrelated
to nutrition and dental caries, including the National Health
Service Health Scotland Oral Health and Nutrition Guidance
for Professionals June 2012 [14], the 2015 Joint Position
Statement on Oral Health and Nutrition from the Dietitians
Association of Australia and Dental Health Services Victoria
[20], and a Chairside Dietary Assessment tool developed by a
dietitian published by the Journal of the American Dental
Association [53]. These additional protective factors included
dairy products, water, and drinking with a straw. Acidic foods
and beverageswere a so included because they have been found
to cause dental erosion [54,55]. Caution surrounding acidic
foods and beverages is mentioned by both the Scottish and
Australian guidelines listed earlier [14,20]. We a so examined
videos for mention of the food guide or food label reading, as
these are common recommendations for general healthy eating
and were mentioned in the Scottish guidelines [14], and for
information about toothbrushing [14,20]. The recommendation
to drink with astraw wasfound in the chairside assessment tool
[53]. In addition, the mechanism of dental caries was aso
included in the scoring system (ie, including information about
how bacteria in the mouth convert sugar into acid and damage
tooth structures).

Data Analysis

Videos were scored using the 17-point scoring system
independently by 2 individuas (ML and JRLL) using
information presented in either text listed in the video or what
was said verbally. Discrepancies were discussed until a
consensus was reached.

Information on video characteristics (ie, view count, length,
number of likes, number of dislikes, video age, viewing rate
[views/day; calculated by taking the number of views and
dividing by number of days since the video was uploaded] [48],
like rate [likes/view; calculated by taking the number of likes
and dividing by the number of views], and didike rate
[dislikes/view; calculated by taking the number of dislikes and
dividing by the number of views]) were summarized using
descriptive statistics (mean, SD, median, and range) determined
using Microsoft Excel 365 and SPSS (version 28; IBM Corp).
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Each video was categorized into 1 of 4 groups based on the
author or presenter featured in the video. The four groups were
as follows: (1) oral health professionals (OHPs; eg, dentists,
dental hygienists, dental practice groups, dental offices, or
commercia content reviewed by OHPs), (2) health professionals
who are not OHPs including complementary and alternative
medicine providers (eg, microbiologists, chiropractors, and
naturopaths), (3) government (videos posted by government
sources that could feature any type of health professional), and
(4) no hedlth professional credentials or unknown credentials
(eg, social mediainfluencerswith no credentials and bloggers).
Videos were categorized into 2 roughly equal-sized groups
based on view rate to examine differences between the most
viewed videos compared with less commonly viewed videos.

Inferential statistics were determined using SPSS Statistics
(version 28). Fisher exact test was used to determine whether
therewere significant differences between categorical variables,
and the Mann-Whitney U test and Kruskal-Wallis test were
used to determine whether there were significant differences
between continuous variables. The Bonferroni correction was
used to correct for multiple comparisons. Spearman correlations
were used to examine the relationships between 2 continuous
variables. P values of <.05 were considered significant.

Results

Search Results

In total, 120 videos from the 6 searches were considered for
inclusion; 78 (65%) videos were removed from the analysis
because they (1) were duplicate videos (n=65, 54.2%) or (2)
did not meet inclusion criteria (n=13, 10.8%; ie, video did not
mention anything related to diet and dental caries, n=9, 7.5%;
video was >20 min, n=3, 2.5%; and video was nhot in English,
n=1, 0.8%). After these videos were removed, 42 videos were
eigiblefor analysis.

Video Characteristics

Characteristics of the included videos are provided in Table 2.
Most videos were posted by or featured OHPs (24/42, 57%),
followed by those with no health professional credentials or
unknown credentials (10/42, 24%), health professionals who
were not OHPs including complementary and alternative
medicine providers (6/42, 14%), and the government (2/42,
5%). Notably, 17% (7/42) of the videos were presented as
cartoons.

Most videos originated from the United States (25/42, 60%),
followed by the United Kingdom (4/42, 10%), India (4/42,
10%), Canada (3/42, 7%), Australia (2/42, 5%), Indonesia (1/42,
2%), and Italy (1/42, 2%). For 5% (2/42) of the videos, we were
unable to identify the country of origin. Included videos were
on average 4 minutes and 40 seconds in length (SD 3 min and
9's; range 47 sto 16 min and 35 s) and had been posted for a
median of 926.5 (range 164-3917) days.
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Table 2. Characteristics of the YouTube videos on nutrition and dental cariesincluded for the analysis (n=42).

Longet d

All videos (n=42) OHPS? (n=24) Health professionals who are - Government (n=2) No health professional
not OHPs including comple- credentials or unknown
mentary and alternative credentials (n=10)
medicine providers (n=6)

Video age (days)
Median 926.5 (164-3917) 927 (164-3917) 1694 (663-2160) 580 (356-804) 778 (192-3255)
(range)
Mean (SD) 1202 (952) 1257 (1055) 1609 (569) 580 (317) 949 (906)

Length
Median 3minand56s(47s 3minand45s(1 4minand54s(2minand29 3 minand4s(1min 3minand 41 s (47 sto
(range) to 16 minand 35 s) minand 2 sto 16 sto9minand 14 s) and51sto4minand 9minand 185s)

minand 35 s) 169)

Mean (SD) 4minand40s(3min 4 minand 58 s (3 5minand8s(2minand26 3 minand 4 s(1min 4minand 0s(2min

and 99) min and 36 s) S) and 43 s) and 37 s)

View count
Median 21,533 (3%- 17,741 (3%- 718,780 (3080-3,768,733) 11,526 (4564-18,488) 52,383 (1485-
(range) 3,768,733) 1,512,464) 1,854,382)
Mean (SD) 292,689 (706,004) 119,821 (320,627) 1,150,249 (1,403,640) 11,526 (9846) 249,270 (569,009)

Viewing rate (views/number of days since posting)

Median 29.6 (0.3-4863.2) 15.6 (0.3-4863.2) 490.9 (1.4-2252.7)

(range)

Mean (SD) 375.1(945.6) 343.8 (1085.5) 687.2 (813.1)
Number of likes

Median 422 (0-33,000) 257 (0-8100) 20,500 (43-30,000)

(range)

Mean (SD) 4130 (8832) 1145 (2194) 17,491 (12,905)
Likerate

Median 0.015 (0-0.047) 0.015 (0-0.034) 0.020 (0.0080-0.041)

(range)

Mean (SD) 0.017 (0.012) 0.016 (0.010) 0.024 (0.014)
Number of dislikes

Median 14 (0-1200) 12 (0-633) 429 (0-1200)

(range)

Mean (SD) 159 (325) 80 (180) 553 (532)
Didikerate

Median 0.00057 (0-0.0046) 0.00061 (0-0.0046)  0.00060 (0-0.00075)

(range)

Mean (SD) 0.00063 (0.00074) 0.00075 (0.00092)  0.00049 (0.00028)

28.8 (5.7-51.9)

28.8(32.7)

12 (0-24)

12 (17.0)

0.0026 (0-0.0053)

0.0026 (0.0037)

0(0-0)

0(0)

0(0-0)

0(0)

44,8 (6.0-2499.2)

321.5(773.2)

609 (28-33,000)

4100 (10,196)

0.018 (0.005-0.047)

0.020 (0.013)

18 (0-1100)

146 (339)

0.00055 (0-0.0012)

0.00054 (0.00038)

30HP:; ora health professional.

Overal, the 42 included videos had 12,292,954 total views
recorded. Videos published by health professionalswho are not
OHPs (including complementary and alternative medicine
providers) had the most views (median 718,780, range
3080-3,768,733 views/video; total views: 6,901,491), followed
by videos published by or featuring those with no health
professional credentials or unknown credentials (median 52,383,
range 1485-1,854,382; total views. 2,492,704), videosthat were
published by or featured OHPs (median 17,741, range
394-1,512,464; total views: 2,875,707), and videos from the
government (median 11,526, range 4564-18,488; total views:
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23,052). The mean viewing rate (views/day) was similar
between videos posted by those with no health professional
credentials or unknown credentias (321.5, SD 773.2; range
6.0-2499.2) and OHPs (343.8, SD 1085.5; range 0.3-4863.2);
however, videos by health professionals who are not OHPs
(including complementary and alternative medicine providers)
had a higher mean view rate (mean 687.2, SD 813.1; range
1.4-2252.7).
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Nutrition Messaging

The mean video score for al included videos (42/42, 100%)
was4.9 (SD 3.4; of amaximum possibletotal of 17), with scores
varying from O to 13. Table 3 provides a breakdown of the
information on scoring by creator type. Videos published by
the government and OHPs had a higher mean score
(government: 6.5, SD 0.7; OHPs: 5.7, SD 3.8) compared with
the scores of videos published by other health professionals
(including complementary and aternative medicine providers)
or those with no health professiona credentials or unknown
credentials (other health professionals: 4.0, SD 1.3; no health
professional credentials or unknown credentials: 3.4, SD 3.3).
However, there was no statistically significant differencein the
video scores between the creator type (P=.29). Of note, 14%
(6/42) of the videos had a score of O; these videos were
published by individualswith no health professional credentials
or unknown credentials (n=3, 50%) and OHPs (n=3, 50%).

We investigated the correlation between total video scores and
public engagement with videos. No significant Spearman
correlations were found between the total video score and total
views (-0.114; P=.47), view rate (-0.196; P=.21), tota likes
(—0.200; P=.20), likerate (-0.202; P=.20), total dislikes(-0.156;
P=.32), and didlike rate (-0.199; P=.21).

Longet d

To further examine nutrition messaging and video engagement,
wedivided al videos (42/42, 100%) into 2 similar-sized groups
based on view rate. The high—view rate category (>30
views/day; 20/42, 48% videos) consisted of 7 videos by OHPs,
7 videosfrom the no health professional credentials or unknown
credentials category, 5 videos by health professionals who are
not OHPs (including complementary and alternative medicine
providers), and 1 video by the government. The low—view rate
category (<30 views/day; 22/42, 52% videos) consisted of 17
videos by OHPs, 3 videos in the no health professiona
credentials or unknown credentials category, 1 video by health
professionalswho are not OHPs (including complementary and
alternative medicine providers), and 1 video by the government.
Videos with >30 views/day (20/42, 48% videos) had a mean
scoreof 4.0 (SD 3.7) compared with videoswith <30 views/day
(22/42, 52%), which had a mean score of 5.8 (SD 3.0); there
was a trend toward the scores being different between groups
(P=.06; Table 4), but thisresult was not statistically significant.

Table5 provides an in-depth breakdown of the different nutrition
messages for all videos (42/42, 100% videos). In addition,
information on the breakdown of messaging in low—view rate
videos (<30 views/day) versus high-view rate videos (>30
views/day) is also presented.

Table 3. Scores of YouTube videos on nutrition and dental caries by type of creator (n=42).

Allvideos  oyps (n=24) Health professionalswho arenot OHPs  Government (n=2) No health professional cre-
(n=42) including complementary and aterna- dentialsor unknown creden-
tive medicine providers (n=6) tials (n=10)
Total score (out of 17)
Median (range) 4.5 (0-13) 5.5 (0-13) 3.5(3-6) 6.5 (6-7) 3.5(0-10)
Mean (SD) 49 (3.4 5.7 (3.8) 40(1.3) 6.5(0.7) 3433

30OHP: oral health professional.

Table 4. Scores of YouTube videos on nutrition and dental caries by view rate (n=42).

All videos Low video view rate: <30 views/day (range High video view rate: >30 views/day (range
0.3-29.8; n=22) 35.5-4863.2; n=20)
Total score (out of 17)2
Median (range) 4.5 (0-13) 6 (0-11) 3.5(0-13)
Mean (SD) 4.9 (3.4) 5.8 (3.0) 4.0(3.7)

8p=.06 for the difference between high—view rate videos and low-view rate videos (Mann-Whitney U test).
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Table 5. Nutrition and dental caries messaging included in the analyzed YouTube videos by view rate (n=42).
All videos (n=42),n (%)  Low video view rate: <30 High video view rate: >30 P value
views/day (range 0.3-29.8; views/day (range 35.5-4863.2;
n=22), n (%) n=20), n (%)
Inclusion of specific type of information
Dental caries mechanism 20 (48) 12 (55) 8 (40) 37
Any mention of sugar 31 (74) 17 (77) 14 (70) 73
Sugary drinks 20 (48) 11 (50) 9 (45) a7
Snack foods high in sugar and 17 (40) 10 (45) 7(35) 54
starch
Candy 13 (31) 9(41) 4(20) 19
Frequency of sugar intake® 13(31) 10(49) 3(15) 047
Acidic foods and beverages® 11 (26) 9(41) 2(10) .04
Sticky foods 10 (24) 6 (27) 4(20) 72
Vegetables and fruit 15 (36) 8(36) 7 (35) .99
Brush teeth after eating or brush 12 (29) 7(32) 5(25) 74
teeth at least 2 times/day
Drink water® 12 (29) 9 (41) 3(15) .09
Protein from high-quality sources 11 (26) 6 (27) 5(25) .99
Dairy products 9(21) 5(23) 4(20) .99
Sugar-free gum or sugar-freecan- 6 (14) 5(23) 1(5) 19
dy or xylitol
Whole grains 5(12) 3(14) 2(10) .99
Drink beverages with a straw 2(5) 0(0) 2(10) 22
Mention food guide or food label 0 (0) 0(0) 0(0)

reading

8p<.05 for difference between high-view rate videos and low—view rate videos (Fisher exact test).
bp< 10 for difference between hi gh-view rate videos and low—view rate videos (Fisher exact test).

In total, 48% (20/42) of the videos contained information on
how dental caries are formed. There were no significant
differences in the percentage of low—view rate and high—view
rate videos that provided this message (P=.37).

Overall, 74% (31/42) of the videos contained information about
sugar being a cause of dental caries. Of note, guidance on the
specific amounts of sugar to consume was not mentioned in any
video. Almost half (20/42, 48%) of the videos mentioned that
sugary drinks (either in general or specific beverages) were a
cause of dental caries. Snack foods high in sugar and starch
were mentioned asarisk factor for dental cariesin 40% (17/42)
of the videos. Candy and sticky foodswere mentioned asfactors
that increase the risk of dental cariesin 31% (13/42) and 24%
(10/42) of videos, respectively. There were no significant
differences in the proportion of low—view rate and high—view
rate videosthat provided each of the abovementioned messages
related to sugary foodsand drinks (sugar: P=.73; sugary drinks:
P=.77; snack foods high in sugar and starch: P=.54; candy:
P=.19; and sticky foods: P=.72).

M essaging on the frequency of sugar intake was present in 31%
(13/42) of the videos. A higher percentage of low—view rate
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videos contained this message compared with high—view rate
videos (10/22, 45% vs 3/20, 15%; P=.047).

Acidic foods and beverages being harmful toward oral health
were mentioned in 26% (11/42) of videos. This message was
more often present in low—view rate videos than in high—view
rate videos (9/22, 41% vs 2/20, 10%; P=.04).

Compared with harmful foods and behaviors, those that are
healthful were mentioned less often. Eating more vegetables
and fruit (either in general or specific vegetables or fruits) was
the most common healthful behavior mentioned; this message
was mentioned in 36% (15/42) of the videos. Eating high-quality
protein sources (eg, legumes, pulses, nuts, meat, fish, and
seafood) was mentioned in just 26% (11/42) of the videos. In
addition, 21% (9/42) of the videos mentioned that dairy products
(in general or specific products such as cheese, yogurt, and milk)
were beneficial. Whole grainswere recommended in 12% (5/42)
of the videos. No statistically significant differenceswere found
inthe proportion of low—view rate videos versus high—view rate
videosthat contained each of the healthful food messages|isted
earlier (vegetablesand fruit: P=.99; high-quality protein: P=.99;
dairy products: P=.99; and whole grains: P=.99).
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Drinking water was mentioned as being protective toward dental
cariesin 29% (12/42) of the videos. Only 2 videos specifically
spoke about the consumption of fluoridated water. Drinking
water was more often mentioned in low—view rate videos than
in high—view rate videos (9/22, 41% vs 3/20, 15% of videos,
P=.09), but thisresult was not statistically significant. Brushing
teeth at least twice aday or after eating was mentioned in 29%
(12/42) of videos. Sugar-free gum or sugar-free candy or xylitol
was also discussed in only a few videos (6/42, 14%). Videos
rarely recommended drinking beverageswith astraw (2/42, 5%
of videos). The food guide or food label reading was not
discussed in any of the videos. Notably, there were no
statistically significant differencesin the proportion of low—view
rate and high-view rate videos that contained messages for
brushing teeth (P=.74), sugar-free gum or sugar-free candy or
xylitol (P=.19), and drinking beverages with a straw (P=.22).

Discussion

Principal Findings

To our knowledge, this is the first study that has focused on
investigating nutrition and dental caries content on YouTube.
Theseresultsareimportant because nutrition isstrongly related
to dental cariesrisk, dental cariesis common, and YouTubeis
a popular web-based platform for the public to access
information. These results provideinsightsinto future directions
for YouTube content in this area of public health importance.

Overal, we found that the 42 included videos had alow mean
score (4.9, SD 3.4 out of 17 points), indicating that few relevant
topicson nutrition and dental carieswere covered in the videos.
Thisfinding is similar to the findings of other studiesthat have
examined health-related content on YouTube. For example, in
astudy on oral cancer YouTube videos, Hassonaet al [48] found
that included videos provided “inadequate descriptions’ of oral
cancer risk factors. Similarly, in a study on oral hygiene
instruction in YouTubevideos, Smyth et al [56] found that none
of the included videos addressed all topics of interest, and the
authors had concerns about the messages presented in some
videos. In addition, a recent review article found that the
comprehensiveness of YouTube videos on various health topics
was low [38]. Similar concerns have also been reported in
pediatric oral health education leaflets. Arora et a [57] found
that nutrition messaging in these types of leaflets was
incomplete. Our results suggest that members of the public
accessing YouTube for information on nutrition and dental
cariesmay not get the completeinformation on thistopic needed
to fully optimize diets to prevent thisissue.

We found that sugar was the most consistent topic mentioned
intheincluded videos (mentioned in 31/42, 74% of videos). No
other topic we assessed was mentioned in more than half of the
videos. In a content analysis of nutrition information in oral
health education leaflets from the United Kingdom, Morgan et
al [58] a so found that sugar was the most common topic covered
and that there was variability in the number of topics covered.
We also found that fewer YouTube videos covered foods and
beverages to consume to decrease the risk of dental caries (eg,
vegetables and fruit). This finding contrasts with the findings
of previous studieson oral health leaflets, which showed ahigh
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preval ence of messages regarding what foods to consume. For
example, Morgan et al [58] found that 73% and 70% of assessed
oral health leaflets recommended vegetables and fruit for snacks
and drinking only milk and water, respectively. In addition,
Aroraet a [57] found that 81% of |eaflets recommended water
and 53% recommended consuming milk. In addition, 44% of
the leaflets recommended drinking fluoridated or tap water.
Individuals accessing YouTube videos for information on
nutrition and dental caries have a high chance of receiving
messaging regarding sugar but are less likely to obtain
evidence-based messaging about what foods to eat to prevent
dental caries. Limited messaging about what foods to eat
provides the public with incomplete information, which may
affect their ability to make meaningful changes.

As we were conducting our analyses, we noticed that some
videos mentioned that concepts surrounding nutrition and dental
caries (and specifically sugar) were common knowledge to the
public using statements such as* everyone knows,” “most people
know,” and “we all know.” These statements contradict studies
that have shown that the level of nutritional knowledge related
tooral health in different populations may not be ideal [59-61].
When designing future YouTube videos on this topic, it is
important to address the amount and frequency of sugar
consumption, and it isalso important to acknowledge that there
are many other foods and eating behaviors that can influence
the risk of dental caries, that it is a complex relationship, and
that the information may be new to viewers.

Videos created by the government and OHPs had higher mean
scores than those produced by health professionals who were
not OHPs (including complementary and alternative medicine
providers) and individuals with no health professional
credentials or unknown credentials. However, these score
differences were not statistically significant. Other studies on
YouTube video health content generally find that videos
produced by health professionals and professional associations
are of better quality than those that are not produced by health
professionals and professional associations (eg, advertisements)
[35,37]. We generally found thisto be the case in our study but
not always. For example, a couple of videos in our study
featuring OHPs had a score of 0. One possible reason could be
that the nutrition content in nondietetic health profession
programs (including dental programs) isoften limited, and there
are many barriers toward providing this training; therefore,
OHPs may not have in-depth training in this area [62].

Our analysis revealed that there were small nonsignificant
negative correlations between various engagement measures
(eg, total views, view rate, total likes, like rate, total dislikes,
and didlikerate) and video score (out of 17 points; range —0.202
to —0.114). In general, these results align with other content
analysis studies on health-related YouTube videos. In a recent
review article, Osman et al [38] found that 84% and 74% of the
included studiesthat assessed correl ations between engagement
and video quality found no correlations or negative correlations
for video quality versus number of views and video quality
versus number of likes, respectively. However, when we divided
our included videos into low—view rate and high-view rate
videos, we found that low—view rate videos had atrend toward
higher overall score compared with high—view rate videos, but
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this result was not statistically significant. We also found that
low—view rate videos were more likely to have messaging
related to the frequency of sugar intake (P=.047), acidic foods
and beverages (P=.04), and water (P=.09) compared with
high—view rate videos. Messaging regarding the frequency of
sugar intake is especially important because the frequency of
sugar intake is thought to be possibly more important than the
amount of sugar in terms of dental cariesrisk [63]. In addition,
it is expected that individuals will eat sugar; therefore,
information on how to best consume this dietary component to
prevent dental cariesisanimportant message. Warren et al [37]
have previoudy mentioned that higher engagement with
poor-quality videos could suggest that the public may have
difficulty determining quality health-related YouTube content.
Health professionals have an important role to provide more
education to the public about how to select quality videosrelated
to nutrition and dental caries. In addition, oral health, nutrition,
and other professionals play important roles in producing
evidence-based videosthat are engaging and can be easily found
by the public. Haslam et al [28] provided alist of strategiesthat
can be used by creators to help make their videos more
accessible.

As we watched and scored the videos, we observed that there
was some contradictory diet advice related to some
evidence-based itemsincluded in our 17-item scoring tool, both
between videos and within videos, that was worthy of
discussion. However, these contradictory messages are not
evidence-based and could cause confusion for the public. We
will discuss afew examples below, including sugary foods and
beverages, whole grains, and milk products.

First, there was some contradictory advice about sugar-rich
foods and beverages, where evidence-based guidelines suggest
avoidancefor dental caries prevention. Juice, whichisasugary
beverage, was sometimes recommended or recommended over
other sugary drinks. For example, some contradictory advice
included recommending calcium-fortified juice, mentioning
that unsweetened juice was beneficia for teeth because of
vitamin C, and suggesting that juice was not as harmful as other
sugary beverages. In addition, dried fruit, a sticky food that is
highlighted asasugary food as part of evidence-based guidelines
[1,24,20], was mentioned as healthful in a couple of videos
because of the presence of phytochemicals. Although areview
article from 2016 has suggested that evidence regarding dried
fruit and dental caries is limited [64], these foods are high in
sugar. Finally, honey (including manuka honey) was identified
as a better sugar choice in a couple of instances. Although a
few studies have suggested that honey has antibacterial and
antibiofilm properties, clinical evidence of theimpact of honey
on dental cariesis not conclusive, and more studies are needed
[65]. In summary, these productsare all high in sugar; therefore,
caution is needed surrounding these foods regarding dental
cariesrisk.

Second, 2 videos in this data set advised limiting or avoiding
whole grains because of concerns surrounding phytic acid
causing dental caries, which contradicts evidence-based
recommendations to consume whole grains. These videos
recommended the consumption of grain products, where phytic
acid has been reduced. Phytic acid is an antinutrient found in
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nuts, seeds, grains, and legumes and is known to bind some
trace elements (eg, calcium, iron, and zinc), which can make
them unavailable for absorption [66,67]. However, phytic acid
should not be aconcern when eaten as part of amixed diet [67],
and the benefits of consuming whole grainsin Western countries
outweigh the potential risks of phytic acid [68]. Currently, there
is no strong evidence that phytic acid causes dental caries.

Third, there were afew videos that mentioned consuming dairy
products is a risk factor for dental caries (eg, coffee creamers
and yogurt owing to the carbohydrate content). Although the
main sugar in milk products (lactose) is cariogenic, it is ot as
cariogenic as other sugars, and milk products contain many
other beneficial components for dental caries prevention (eg,
casein, calcium, and phosphorus). To date, evidence points
toward milk being low cariogenic and possibly anticariogenic
[69]. In addition, there was a recommendation to consume raw
dairy products. Thisfinding is concerning because raw milk is
illegal to sell in many jurisdictions (eg, Canada), and milk
pasteurization is often mandatory to avoid severe illnesses
[70,71]. Although some cheeses made with raw milk that meet
certain criteriacan be sold in jurisdictionswhere pasteurization
is mandatory, certain groups (eg, children, older adults, women
who are pregnant, and individuals with weakened immune
systems) are at risk of harmful effects from consuming these
products[71]. Currently, thereisno strong evidence suggesting
that raw milk is beneficial for preventing dental caries or
promoting better oral health.

These contradictory messages may cause confusion to viewers
about whether the abovementioned foods or beverages are
harmful or healthful regarding oral health and dental caries.
These findings are consistent with the findings from the study
by Morgan et al [58]. The authors of this UK study found that
there were also inconsistencies in the nutrition and oral health
information in different leaflets, including confusing information
[58]. Arora et a [57] also identified confusing messaging
regarding nutrition and oral health in pediatric oral health
education leafletsin Australia, including confusing messaging
around milk. This observation is important because when the
public is exposed to contradictory advice, it has the potential
to confuse them. The identification of areas of contradictory
information isuseful for health professionalslooking to develop
resources on this topic in the future.

We also found that there were some included videos that
mentioned complementary and alternative medicine approaches
to optimize oral health that were not included as part of our
17-item scoring tool. Some examplesincluded consumption of
probiotic supplements or probiotic-rich foods (mentioned in 4
videos), oil pulling (mentioned in 3 videos, with 1 video stating
that this process was unpleasant and not recommended), and
various recipes of home remedies for mixtures applied directly
to the teeth or mouthwashes with various ingredients such as
coconut oil, garlic, mustard oil, turmeric, clove oil, and sat (4
videos). In addition, 8 videos promoted or highlighted the
consumption of vitamin K (usually K2) often in conjunction
with vitamins A and D. In these videos, foods or supplements
for these nutrients were recommended. Vitamin and mineral
supplements (eg, vitamin D, calcium, magnesium, and vitamin
K?2) were aso highlighted in 4 videos. Although some of these
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approaches (eg, probiotics and vitamin D) have generated
substantial interest in the research and clinical communities
regarding oral health and have shown promise for positive
outcomes related to dental caries (eg, probiotics [72-79] and
vitamin D [80-82]), for many of these approaches, there is a
lack of evidence, and they are not recommended by professional
associations (eg, oil pulling is not recommended by the
American Dental Association [83], and probioticsare currently
not recommended for dental caries prevention by the Canadian
Pediatric Society [84]). It isimportant that health professionals
are aware of these types of recommendations being made on
the internet and are prepared to answer questions and generate
evidence-based content related to these topicsto help the public
make informed decisions.

Limitations

A limitation of our study was that although we attempted to
imitate search strategies used by the public to capture readily
accessed YouTube videos, this might not be a completely
accurate representation of the actual approaches used. However,
we used Google Keyword Planner to plan searches and selected
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videosthat appeared first in the results. Furthermore, our small
sample size might be alimitation, but it is consistent with other
studies assessing the health content of YouTube videos [35].
In the future, a study using a larger sample size of videos to
evaluate content on this topic may be beneficial. We also
excluded videos lasting for >20 minutes. In addition,
misinformation was not considered as part of our scoring system.
Inthefuture, astudy incorporating misinformation into ascoring
approach in this topic and including longer videos would be
worthwhile.

Conclusions

Our study found that most YouTube videos regarding nutrition
and dental cariesfeature OHPs, and many videos cover alimited
selection of topics. With the high prevalence of dental cariesin
the general population, the strong link between nutrition and
dental caries, and the popularity of YouTube, thereis a strong
need for quality content containing evidence-based
recommendations and information regarding this topic on this
platform.
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Abstract

Background: During the unprecedented COVID-19 pandemic, social media has been extensively used to amplify the spread
of information and to express personal health-rel ated experiences regarding symptoms, including anosmiaand ageusia, 2 symptoms
that have been reported later than other symptoms.

Objective: Our objectiveisto investigate to what extent Twitter users reported anosmia and ageusia symptoms in their tweets
and if they connected them to COV1D-19, to eval uate whether these symptoms coul d have been identified as COVID-19 symptoms
earlier using Twitter rather than the official notice.

Methods: We collected French tweets posted between January 1, 2020, and March 31, 2020, containing anosmia- or ageusia-related
keywords. Symptoms were detected using fuzzy matching. The analysis consisted of 3 parts. First, we compared the coverage of
anosmiaand ageusiasymptomsin Twitter and in traditional mediato determineif the association between COVID-19 and anosmia
or ageusia could have been identified earlier through Twitter. Second, we conducted a manual analysis of anosmia- and
ageusia-rel ated tweets to obtain quantitative and qualitative insights regarding their nature and to assess when the first associations
between COVID-19 and these symptoms were established. We randomly annotated tweets from 2 periods: the early stage and
the rapid spread stage of the epidemic. For each tweet, each symptom was annotated regarding 3 modalities: symptom (yes or
no), associated with COVID-19 (yes, no, or unknown), and whether it was experienced by someone (yes, no, or unknown). Third,
to evaluateif there was a global increase of tweets mentioning anosmiaor ageusiain early 2020, corresponding to the beginning
of the COVID-19 epidemic, we compared the tweets reporting experienced anosmia or ageusia between the first periods of 2019
and 2020.

Results: Intotal, 832 (respectively 12,544) tweets containing anosmia (respectively ageusia) related keywords were extracted
over theanalysisperiod in 2020. The comparison to traditional mediashowed astrong correlation without any lag, which suggests
an important reactivity of Twitter but no earlier detection on Twitter. The annotation of tweets from 2020 showed that tweets
correlating anosmia or ageusia with COVID-19 could be found a few days before the official announcement. However, no
association could be found during the first stage of the pandemic. Information about the temporality of symptoms and the
psychological impact of these symptoms could be found in the tweets. The comparison between early 2020 and early 2019 showed
no difference regarding the volumes of tweets.
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Conclusions: Based on our analysis of French tweets, associations between COVID-19 and anosmia or ageusia by web users
could have been found on Twitter just afew days before the official announcement but not during the early stage of the pandemic.
Patients share qualitative information on Twitter regarding anosmia or ageusia symptoms that could be of interest for future

analyses.

(JMIR Infodemiology 2023;3:e41863) doi:10.2196/41863

KEYWORDS

social media; COVID-19; anosmia; ageusia; infodemiology; symptom; Twitter; psychological; tweets; pandemic; rapid stage;
epidemic; information; knowledge; online health; tweets; misinformation; education; online education; ehealth; qualitative

Introduction

In recent years, social media, with its widespread usage and
large user base, have gained significant attention as potential
sources of information for public headth surveillance. The
systematic collection, analysis, and interpretation of
health-related information from social media allow for various
applications, ranging from the spread of infectious diseases (eg,
HIV, SARS, and influenza), to vaccination uptake, antibiotics
consumption, and alcohol consumption. The emergence of the
COVID-19 pandemic has significantly accelerated research
efforts in infodemiology and infoveillance using social media
data. Asan example, asearch on PubMed using “ social media’
and “symptoms” as keywords revealed 579 publications from
2012 to 2019, and after the outbreak of COV1D-19, the number
of publications retrieved using the same keywords increased to
423 in 2020 done, then 611 and 622 in 2021 and 2022,
respectively, around 40% of which were COVID-19—related
(163/423 in 2020, 288/611 in 2021, and 279/622 in 2022),
reflecting the exponential growth of studies investigating the
role of social media in symptom surveillance. Among social
media platforms, Twitter stands out as an event-reactive tool
with high posting frequency. For example, there have been
attempts to use Twitter mining to monitor vaccine adverse
events, showing that, for example, sore to touch, fatigue, and
headache were the most common adverse effects in the United
States[1], and symptomsrelated with appetite, alergy, injection
site, and clotsin the United Kingdom [2]. During the pandemic,
it has been used for discussing various dimensions of the
pandemic, including epidemiol ogy, economy, aswell asclinical
and emotional aspects [3,4]. While social media provides an
opportunity to directly communicate health information to the
public, health related testimonies posted on the internet may
also be used for early detection of symptoms and diseases. As
an example, Lopreite et a [5] analyzed the data from Twitter
to uncover early warning signals of COVID-19 outbreaks in
Europe in the winter season 2019-2020, and showed that
unexpected levels of pneumoniarelated tweets were raised
across a number of European countries in early 2020 prior to
official announcement. For example, they identified an increase
inthe number of tweets mentioning dry cough during the weeks
leading to the peak in February 2020.

In this study, we aim to assess the early detection of anosmia
and ageusia symptoms associated with COVID-19 using Twitter
data, contributing to the growing field of digital epidemiology
and infodemiology. We focused on these 2 symptoms because
their relation with COVID-19 was unknown at the beginning

https://infodemiology.jmir.org/2023/1/e41863

of the pandemic. After the initial outbreak of COVID-19,
reported findings varied across countries and time. For example,
the list of symptoms at the onset of illness reported by Wuhan
clinicians in early 2020 [6] only includes fever, cough, and
myalgia or fatigue, sputum production, headache, hemoptysis,
and diarrhea. Later on, symptoms such as anosmia, dysgeusia,
headache, and muscle pain have been noted, along with more
reports of central and periphera nervous system involvement
[7,8]. Anosmia, that is, the loss of the sense of smell, and
ageusia, that is, the loss of the sense of taste, have been
associated with SARS-CoV-2 test positivity, regardless of the
population, and illness duration or complexity [9]. In March
2020, national and international institutions (eg, [10]) proposed
to add these symptomsto thelist of screening toolsfor possible
COVID-19 infection. They were followed by al health
authoritiesworldwide, including the Center for Disease Control
and Prevention and the World Health Organization, who added
“new loss of taste or smell” to thelist of COVID-19 symptoms.
Anosmia, in particular, has been seen in patients ultimately
testing positive for the coronavirus with no other symptoms.
Moreover, the estimated prevalence varies alot across studies.
A multicenter European study looking at patients with mild to
moderate COV1D-19 disease found a prevalence of 85.6% and
88% of olfactory and gustatory dysfunctions, respectively [11].
Contrasting with this high prevalence in European COVID-19
cohorts, a prevalence of only 5.1%-5.6% impairment of smell
or taste (3% in severe, 6%-7% in nonsevere) was observed in
China during January and February 2020 [8]. In between, a
cross-sectional survey in Italy found that 33.9% of the patients
admitted before March 2020 had olfactory or taste disorders
[12]. Findly, a cohort study including patients with clinically
diagnosed or laboratory-confirmed COVID-19 from 28 centers,
representing 13 countries and 4 continents concluded that
anosmia or ageusia was the second mostly self-reported
neurological symptom after headache by patients with
COVID-19, which led to agloba prevalence of 26% [13]. This
study was performed by the Global Consortium Study of
Neurological Dysfunction in COVID-19 and the European
Academy of Neurology Neuro-COVID Registry after anosmia
and ageusiawere added to thelist of symptoms, more precisely
from March to September or October 2020.

In this context, our objective is to perform a retrospective
analysis of Twitter data to investigate to what extent anosmia
and ageusia were reported and associated with COVID-19 in
the tweets before their official recognition. As these symptoms
are uncommon outside of COVID-19, their unique
representation and potential as early indicators of the disease
can help differentiate COVID-19 from other respiratory diseases
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such asthe flu. Having detected that anosmia and ageusiawere
COVID-19 symptoms earlier could have helped diagnose and
isolate some patients. Therefore, the findings of this
retrospective study contribute to the broader field of
infoveillance, providing insights into the utility of Twitter data
for early detection and monitoring of symptoms of a new
disease.

Methods

Tweet Extraction

We considered al the tweets posted between January 1, 2020,
and March 31, 2020, which corresponds to the early stages of
the pandemic in France. The Detec’t (Kap Code) tool [14] was
used to extract all nonretweet tweets in French containing at
least one of the keywords related to the sense of smell (eg,
anosmia, smell, and olfactive) or taste (eg, ageusia, taste, and
gustative) and posted during the first 3 months of 2020. The
established list of French keywords and their English trandlation
isgivenin Table S1in Multimedia Appendix 1.

An additional data set of tweets posted in early 2019 was also
extracted to enable the comparison between 2019 and 2020.
The objective of this comparison was to assess if the volume
of declarations of anosmia or ageusia with unknown causesin
early 2019 was lower than the one in early 2020, which could
imply that tweets in early 2020 were related to COVID-19.

Symptom Detection

Anosmia and ageusia specific data sets were created based on
symptom detection in tweets. A fuzzy matching method was
applied to the set of smell- or taste-related tweets. More
precisely, we reused the dictionary of symptoms based on
MedDRA (International Council for Harmonisation of Technical
Requirements for Pharmaceuticals for Human Use) and
enhanced by colloquial terms, which includes the preferred
terms (PTs), the associated low level terms, and manual
enrichment [15]. Terms associated with the 2 PTs “anosmia’
and “ageusia’ were used for detection, based on the method
that we previously developed and tuned [15], that is, exact
matching for short terms containing less than 6 characters and
fuzzy matching for other terms. This method was proven to be
effective in improving the detection of symptoms with spelling
mistakes or in the plural form. Tweets containing these terms
were used to populate the anosmia and ageusia specific data
sets.

M edia Cover age of Symptoms

To determine whether there was a temporal gap between the
declaration of anosmia and ageusia by patients on the internet
and their coverage by media, we compared the coverage of these
symptoms in social media and in traditional media. Anosmia-
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and ageusiarelated news articles were extracted using
Brandwatch Consumer Research (Brandwatch) tool [16].
Content classified as*News’ was counted to describe traditional
media coverage over time. Cross correlation [17] between
volumes of tweets and news were computed for each symptom
to measure the similarity between the series. Dissimilarities
would suggest the identification of atemporal gap.

Tweet Annotation

We considered 2 periods of time to perform random sampling
for the tweet annotation: before and after March 10, 2020. The
choice of this date was based on the number of casesin France,
and the official alert of anosmia and ageusia as COVID-19
symptoms. The first period (January 1-March 10) is an early
stage of the epidemic (daily new cases<400, cumulative
cases<1500), and the second period (March 10-31) corresponds
to therapid spread of the epidemic, as 1 week after the beginning
of the second period, the lockdown started (March 17, 2020),
and 3 dayslater anosmiaor ageusiawas confirmed as symptoms
of COVID-19 by the French health authorities (March 20, 2020).
Manual annotation was performed by one of the authors (CF)
for a set of randomly selected tweets of the same sample size
for period #1 and #2 of 2020 and the corresponding period #1
of 2019, for both symptoms. This resulted in 6 annotated data
sets. The goal of this annotation task was to identify mentions
of symptoms that could be attributable to COVID-19.

In total, 3 types of annotations were performed. For each
detected term, wefirst annotated if it corresponded to agenuine
symptom, that is, reference to a lack of smell or to alack of
taste, or to another meaning. Indeed, atweet can contain aterm
from MedDRA associated with the PT “anosmia’ and “ ageusia’
without being a symptom, for example in case of polysemy.
For example, terms like “pas de gout” (no taste) may denote
ageusia (yes=true positive), but may be also used in other
contexts like fashion, thus corresponding to a false positive.
Then for each genuine symptom, we further annotated if it was
COVID-19-elated (yes, no, or unknown), and if, according to
the author of the tweet, it was a symptom experienced by an
individual (yes, no, or unknown), either the author of the tweet,
a relative, or another patient. Regarding the relation to
COVID-19, we considered that atweet was COVID-19—elated
when the relation was explicitly mentioned by the author or
strongly suspected (implicit relation) based on contextual
information and the interpretation by the annotator. Figure 1
displays5 examples of annotated ageusia-anosmiarel ated tweets
trandated from French.

The fourth example in Figure 1 does not explicitly mention
COVID-19 but mentions quarantine which is highly suggestive
of an infection by COVID-19. The fifth example expresses
ageusiaand linksit with COVID-19 (“corona’).
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Figure 1. Examples of ageusia- and anosmia-related tweets translated from French to English.

False positive symptom

a Name

I'm out of chili. My life is tasteless

Symptom with no relation to COVID-19

Q Name

| had anosmia for several months when | was younger
and | can tell you one thing: when you lose your sense
of smell, you lose your sense of taste.

Symptom with unknown relation to COVID-19

o Name

Even water has no taste anymore

Symptom with implicit relation to COVID-19

Q Name

End of quarantine tomorrow morning. No more
symptoms except regressing anosmia. | will resume my
clinical activities at the University Hospital

Symptom with explicit relation to COVID-19

a Name

I've been telling you for 3 days that | don't have any
taste for anything, I've got corona in fact

Analysisand Comparison Between Periodsand to the
Previous Year

Tempora evolution of symptom declarations was analyzed in
2 ways. First, we assessed the temporal evolution of volumes
of tweets in each annotation category (Symptom yes or no,
related to COVID-19 yes, no, or unknown, and experienced
yes, no, or unknown). A 3-day cumulative time series were
displayed for the 2 periods of 2020 to smooth potential missing
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data due to the sampling. Second, we focused on the volumes
of tweets regarding experienced symptoms with unexplicit
causes, and compared them in period #1 of 2020 and 2019. A
significant increase in early 2020 compared with early 2019
could suggest that tweets in early 2020 were related to
COVID-19 and consequently that cases of COVID-19—related
anosmiaor ageusia could have been detected earlier in Twitter.
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Ethical Consider ations

Thisretrospective and observationa study isnot ahuman subject
research as it is based on the secondary analysis of publicly
available datafor public health research. Therefore, intitutional
review board approval is not required. Despite that, ethical
issues were still considered: usernames were deidentified by
removing account identity and other personal information such
as emal address and tweets cited and discussed were
paraphrased (trandated from French to English) thus
nonreidentifiable.

Results

Extracted Tweets With Symptoms of | nterest

A set of 307,290 French tweets posted between January 1, 2020,
and March 31, 2020, was extracted. Further, 76,284 tweetswere

Figure 2. Flowchart of the analysis process.

D January 1, 2020, to
’ =] March 31, 2020

Keywords

Faviez et d

obtained with smell-related terms, and 237,999 tweets were
obtained with taste-related terms. Symptom fuzzy matching
identified 832 tweets containing at least 1 term potentially
related to anosmia (90 tweets for period #1 and 742 for period
#2) and 12,544 tweets containing at least 1 term potentially
related to ageusia (8061 tweetsfor period #1 and 4483 for period
#2). Similarly, 94 tweets potentially related to anosmia and
4721 tweets potentially related to ageusia were extracted for
period #1 in 2019. For each period and each symptom of interest,
200 randomly selected tweets were manually annotated. If less
than 200 tweets fit the criteria, all the tweets were manually
reviewed and annotated, for example, 90 tweets for anosmiain
period #1 in 2020. Figure 2 displays aflowchart of the extraction
process and the associated volumes of tweets at each step and
for each period of 2020.

Extraction of tweets
from Twitter

76,284 smell-
related tweets

832 anosmia—
related tweets

7, Period1 7. Period 2

> _ o
X2/ 90tweets E_. 742 tweets

v v

& @
—= =—=
54% of tweets with  99% of tweets with
true symptoms true symptoms

Media Coverage

In total, 549 unique news articles related to anosmia, ageusia,
or both were extracted. Only 11 (2%) of them were published
in period #1. We compared the temporal evolution of the number
of new articles containing anosmiaand ageusiato that of tweets
(Figure 3). A dlight volume peak can be identified for anosmia
on the 27th of February, which is Anosmia Awareness Day. A
steep increase isobservablefor both sourceson March 20 when
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Period 1
X s 8061tweets X_-.' 4483 tweets

3.5% of tweets with  26% of tweets with
true symptoms

237,999 taste—
related tweets

Fuzzy matching
detection with MedDRA

_D 12,544 ageusia—
related tweets

IE,

7, Period 2

Annotation of maximum
200 random tweets

true symptoms

these symptoms were officially linked to COVID-19 (denoted
asavertical perforated line). We can seethat theincreasein the
number of publications happensafew daysearlier for thetweets
than for the news. However, computed cross-correl ations show
that series are correlated at 87% (anosmia) and 77% (ageusia)
without lag, which suggeststhat thereis no significant temporal
gap between the declaration of anosmiaand ageusiaby patients
on the internet and their coverage by media. Nevertheless, it
shows a strong reactivity of Twitter to events.
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Figure 3. Comparison of the evolution of anosmia- and ageusia-related tweets and news articles between January, 2020, and March 2020.
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Detailed Analysis of Anosmia-Related Tweets

Regarding anosmia, among the 290 manually annotated
anosmia-related tweets, 247 tweets contained genuine anosmia
symptoms (49/90 and 198/200 tweets during periods 1 and 2,
respectively), 36 were false positives (34/90 and 2/200 tweets
during periods 1 and 2, respectively), and 7 tweets from period
1 were too short or unexplicit (eg, presence of irony) to
conclude.

Among the 247 tweets containing mentions of the symptom
anosmia

- 165 tweets contained general information or discussions
regarding anosmia, without any description of personal
experiences (34 in period#1 and 131 in period #2). Intotal,
95/165 of these tweets were COVID-19—elated. The
remaining tweets (70/165) addressed topics such as the
Anosmia Awareness Day, which is observed on February
27th every year as well as general information regarding
anosmia and irony tweets.

- 67 tweets reported on experienced anosmia (15 in period
#1 and 52 in period #2). Further, 32/67 tweets were
COVID-19-related. Two-thirds of them provided
information regarding co-occurring symptoms and about
half of them provided the chronology of symptoms. The
non-COVID-19—elated tweets included mentions of
long-term anosmia, and anosmia due to stuffy nose.
Interestingly, there were 30 cases of anosmia without any
explicit cause (11 in period #1 and 19 in period #2), that
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might be due to COVID-19 (eg, “I have not been able to
smell anything for three dayswithout having astuffy nose”).
« 15 tweetsfrom period #2 could not be classified.

Regarding the relation to COVID-19, anosmia related to
COVID-19 was only found during period #2 (136 tweets). A
quarter of these tweets reported on experienced anosmia
(32/136).

To summarize the results for anosmia: (1) the performance of
the detection method was high, with a precision of 85%
(247/290); (2) before March 10, 2020, only 90 tweets containing
aterm related with anosmiawereidentified, leading to manually
reviewing atotal of 290 tweets; (3) among these 290 tweets, a
tota of 32 tweets (11%) reported experiencing anosmia
associated with COVID-19. All these tweets werefound during
period #2; (4) the World Anosmia Day, on February 27,
generated more tweets on anosmia, unrelated to COVID-19;
and (5) some qualitative information such as co-occurring
symptoms and the temporality of symptoms could be found in
alarge proportion of tweets from patients with COVID-19.

Detailed Analysis of Ageusia-Related Tweets

As with anosmia, the first step consisted in solving polysemy
issues, that is, differentiating between terms that are related to
the symptom ageusia and other polysemic usages of the terms
in other contexts (eg, no taste in fashion or music and really
insipid food). Theinitial corpus of tweetswith terms potentially
related to ageusia was very noisy: among the 400 manually
annotated ageusia-related tweets, only 59 tweets (14.8%)
contained genuine ageusia symptoms (7 and 52 tweets during
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periods1 and 2, respectively), whereas 330 were fal se positives
(186 and 144 tweets during periods 1 and 2, respectively), and
11 tweets were too short or unexplicit (eg, ironic messages) to
conclude (7 and 4 during periods 1 and 2, respectively).

Among the 59 tweets containing mentions of the symptom
ageusia, (1) 12 tweets contained general information or
discussions regarding ageusia, without any description of
personal experiences (1 in period #1 and 11 in period #2); (2)
43 tweets reported on experienced loss or absence of taste (6in
period #1 and 37 in period #2). Eighteen tweets out of 43
(41.9%) were COVID-19—~elated; and (3) 4 tweets could not
be classified (al of them after March 10).

Regarding the relation to COVID-19, a large proportion of
tweets mentioning the symptom ageusia did not mention the
cause (33/59). Ageusia related to COVID-19 was only found
during period #2 in 42.4% of the tweets (25/59). Further, 72%
of these tweets reported experienced ageusia (18/25), including
7 tweets on its negative psychological impact (eg, “(...) since
friday, complete ageusia and anosmia. Life has become really
sad, | mean really really sad” [March 24, 2020].

To summarize the results for ageusia: (1) the overall precision
of the symptom detection method was very low, with less than
15% (59/400) of the tweets containing genuine ageusia

Faviez et d

symptoms. This was due to the presence of highly polysemic
terms (eg, “golt”); (2) before March 10, there was no post
reporting on ageusia experienced by a patient with COVID-19
while after March 10, we found 18 tweets out of 200 (9%)
reporting on it; and (3) patients share qualitative information,
such as the psychological negative impact of ageusia.

Time Evolution

In this section, the temporal evolution of declared symptoms
and their linksto COVID-19 are discussed. We provide results
based on the tweets that have been manually reviewed for each
symptom and each period. Evolution over time of symptoms
declaration, link to COVID-19 and experience of the symptom
by the author is studied and plotted.

The 3-day rolling total number of tweets in each annotated
category was calculated for each symptom. The evolution of
proportion for al annotation groupsis shown in Figure 4. The
proportion of tweets related to the symptom ageusia among
ageusia-related tweets (Figure 4, left) increased from the
beginning to the end of the second period but remained low
(from 3.5%, 7/200 before March 10 to 26%, 52/200 after, see
Figure 2). Asfor anosmia, the proportion of tweetswith genuine
symptoms was 54% (49/90) before March 10 contrasting with
99% (198/200) after (Figure 2 and Figure 4, |eft).

Figure4. A 3-day cumulative time evolution of manually reviewed anosmia- and ageusia-rel ated tweets. Occurrences of genuine anosmiaand ageusia
inall the tweetsthat were manually reviewed (left). True positive symptoms are broken down in proportions of the tweets expressing COVD-19—rel ated

symptoms or not (middle) and experience of symptoms (right).
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The number of tweets relating experienced symptoms during
period #1 was very low for both ageusia and anosmia (Figure
4, right). Over period #2, despite aglobal increasein the number
of tweets, the proportion of tweets reporting on experienced
symptoms did not drastically evolve, and remained very low
for anosmia and important for ageusia Regarding
COVID-19-related mentions of symptoms (Figure 4, middle),
tweets associated with COVID-19 were identified only from
March 17 for anosmiaand March 20 for ageusia. The proportion
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of tweets relating COVID-19 symptoms among tweets relating
genuine symptoms reached 62% (21/34) during thelast 10 days
of period #2 for ageusia, contrasting with 22% (4/18) during
the beginning of period #2. For anosmia, the proportion
remained high and quite constant over the whole period #2,
around 69% (136/198). These results show theimportant impact
on Twitter of the media coverage of these symptoms, which
confirmsthe high reactivity of Twitter to news, and the fact that
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Twitter can be asource of interest to find qualitative information
regarding an epidemic.

As these symptoms were confirmed as related to COVID-19
by Health authorities on Friday, March 20th, we performed a
deeper analysis to assess if experienced COVID-19 related
anosmiaor ageusia (experienced=yes, COVID-19-rel ated=yes)
were detected on social media before this date, at the very
beginning of period #2. The evolution of the 3-day cumulative
number of tweetsrelated to symptoms (all, COVID-19—rel ated,
experienced) showed a peak on March 20 and March 23 for
anosmia and ageusia, respectively, but some tweets related to
COVID-19 could be found afew days earlier.

Regarding anosmia, 6 tweets were found before March 20 (from
March 17 to March 19) mentioning (explicitly or implicitly)
experienced COVID-19 symptomsincluding anosmia. Further,
5 out of 6 tweets were written by health professionals about
their patients (eg, “| started to get it the third time, generally |
see one patient for anosmia per month, this time it is 3 in 48
hours’ [March 17, 2020]). Further, 1 tweet was written by a
web user who had experienced COVID-19 with anosmia (“I
share this diagnosis because it is exactly what | have had for 2
days (...) some of my relative also have the same symptoms
#anosmia # Covid” [March 19, 2020]). Some tweets posted
before mentioned experienced anosmia but the relation to
COVID-19 cannot be verified (eg, “has someone already had
anosmia?#anosmia#help” [February 14, 2020], “1 wear perfume
but | don’t smell it, | brush my teeth but | don’t even taste the
tooth path... It isreally hard for me because | usually pay alot
of attention to smell” [January 23, 2020]).

Regarding ageusia, no tweet could be found before March 20
mentioning experienced COVID-19 symptoms including
ageusia. Experienced ageusia with unexplicit cause could be
found earlier, with unknown (eg, “ even my favorite mealsdon’t
taste anything anymore” [January 8, 2020], “ even water doesn’t
taste anything anymore” [January 18, 2020]) or high probability
(eg, “Yes... | smelt something for the first time after 10 days, |
still don’t taste anything anymore” [January 19, 2020]) to be
associated with COVID-19.

Comparison With 2019

To assess whether a signal about anosmia and ageusia could
have been detected from Twitter, we compared the number of
tweets mentioning experienced ageusia or anosmia with
unexplicit causes (experienced=yes,
COVID-19-related=unknown) posted during the same periods
in 2019 and 2020. Using the same methodology as with 2020,
we extracted 105 and 4701 tweetsfor anosmiaand ageusiafrom
January 1, 2019, to March 9, 2019, respectively. All
anosmia-related tweets and 200 randomly sampled
ageusia-related tweets were manually annotated.

Regarding anosmia, 75 tweets (respectively 49) mentioning the
anosmia symptom were identified in 2019 (respectively 2020).
Among them, 15 tweets (respectively 11) mentioning
experienced anosmia without any cause were found.

Regarding ageusia, 8 tweets (respectively 7) mentioning the
ageusia symptom were identified in 2019 (respectively 2020),
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and among them 7 tweets (respectively 6) mentioning
experienced ageusia without any cause were found.

We could not identify any notable quantitative or qualitative
difference between 2019 and 2020 that could have been early
signals for COVID-19-related anosmia and ageusiain 2020.

Discussion

Principal Results

In this paper, our objective was to assess if the association
between anosmia or ageusia and COVID-19 could have been
detected earlier by mining social media, that is, before the
relation was identified and published in journals. We tested
such a hypothesis on a set of French tweets posted between
January, 2020, and March 2020. We focused on these two
symptoms for three reasons. (1) they were associated with
COVID-19 later than other symptoms, these terms were even
little known by the population before this pandemic, (2) they
were present in a large proportion of the population with
moderate symptoms in Europe but lessin Asia earlier, and (3)
they are quite uncommon outside of COVID-19, so their
potential as early indicators of the disease could have helped
differentiate COVID-19 from other diseases. Regarding the
comparison with news articles, computed cross-correlations
showed a strong correlation between the temporal evolution of
the number of new articles containing anosmia and ageusia to
that of tweets without lag, which suggests that there was no
significant temporal gap between the declaration of anosmia
and ageusia by patients on the internet and their coverage by
media. Nevertheless, these results show a strong reactivity of
Twitter to news. To obtain more insights, given the significant
noise in symptom extraction, we performed a manual review
of the anosmia- and ageusia-related tweets. We showed that
only 6 tweets associating anosmia to COVID-19 could be
identified among our set of manually annotated tweets before
the news coverage, and these tweets were posted only 3 days
before. Further, 5 out of 6 of these early warning messages
(83%) were written by health professionals. No association
could be found earlier. These results tend to demonstrate that
Twitter could not have helped to identify the relation between
COVID-19 and anosmia or ageusia during the early stage of
the pandemic. Eventualy, to assess if anosmia and
ageusia-related tweets with unexplicit causes from early 2020
could have been due to COVID-19, we compared their volume
to the number of tweets mentioning experienced ageusia or
anosmiawith unexplicit causes from the same period from 2019.
However, we could not identify any notable quantitative or
qualitative difference between 2019 and 2020.

Most of the tweets associating anosmia or ageusia and
COVID-19 were posted later, that is, after March 20th. These
tweets contained qualitative information, such as psychol ogical
impact for ageusia and chronology of associated symptoms for
anosmia, which could be of interest for further analyses. For
example, it could be interesting to compare such insights with
information from more traditional sources, especialy as,
according to Sarker et a [18], these symptomswere not reported
inclinical studiesat thistime. Wethink the reactivity of Twitter
can makeit auseful tool to provide qualitative information that
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could complement what is already known in case of any health
alert.

Comparison With Prior Work

A PubMed search using “social media” and “ covid” askeywords
retrieved 6764 publications, while adding the keyword
“symptoms’ restricted the results to 750 publications. Indeed,
many prior studies explored the topic and sentiment expressed
in social media (eg, [3,4,19,20]) misinformation and fake news
spread in socia media during COVID-19 (eg, [21-23]), and
mental health (eg, [24,25]). Asfor symptoms, some effortswere
made toimprovethe extraction of COVID-19—elated symptoms
from social media tweets for further investigation without a
specific infoveillance objective (eg, [15,26]). Shen et al [27]
performed an observational infoveillance study with afocuson
the early stage of COVID-19 outbreak in China (before March
31, 2020) by assessing the relationship between reports of
symptoms in Chinese social media platform Weibo and the
daily confirmed infected cases. Ding et a [28] performed an
infodemiological study to assess how discussion of symptoms
changed over time and to identify correlations between
frequency of thetop 5 commonly mentioned symptomsin post
and daily COVID-19 statistics (new cases and new deaths) in
the United States. However, anosmia and ageusia were not
mentioned in these 2 studies. Indeed, Shen et a [27] established
a broad list of symptoms that did not include anosmia and
ageusia probably due to the low prevalence of these symptoms
observed in China during the first 3 months of 2020 [8], and
Ding et a [28] focused on the top 5 commonly and most
mentioned symptoms. Regarding anosmia and ageusia, Sarker
et al [18] found that these 2 symptomswere frequently reported
in English tweets, but not in clinical studies, and consequently
that COVID-19 symptoms identified from Twitter may
complement those identified in clinical settings. However, they
performed their analysisin May 2020 and did not analyze the
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temporal characteristics of the distributions on Twitter, so it is
unclear if reported anosmia and ageusia symptoms were found
before the media coverage. Sudre et al [29] measured the
association between different symptoms and COV1D-19, based
on data collected through 6 surveillance platforms and
demonstrated that anosmia or ageusia was the strongest, most
consistent symptom of COVID-19. However, they used the data
collected between April, 2020, and June 2020, which is later
after the official announcement. In this study, we conducted a
comprehensive analysis of French tweets between January,
2020, and March 2020, focusing on the early detection and
association of anosmia and ageusia with COVID-19. The
temporal evolution of declared symptoms and their association
with COVID-19 was assessed, allowing usto gain insightsinto
the temporal trends and patterns of anosmia and ageusia
discussions on Twitter. The comparison with media coverage
and the comparison with the anosmiaand ageusiarel ated tweets
in 2019 strengthened our conclusion.

Limitations

The exact terms “ageusia’ and “anosmia’ were quite unknown
by the lay public before the overmediatization of these
symptoms. Figure 5 shows the different words used to express
COVID-19—elated symptoms over our analysis period. The
word “agueusi€”’ per seis rarely used to denote this symptom
before March 20 (week 12). After this date, its use takes up a
growing proportion of the vocabulary used. This suggests an
effect of mediatization on how patients expresstheir symptoms,
which shows a positive evolution in patients' health literacy
through media outreach, also thanks to Twitter reactivity. In
contrast, the medical term “anosmie” is the dominant term to
express loss of sense of smell over the whole period. This can
be explained by the tweets about the Anosmia Awareness Day
on February 27, an international event that brings attention to
the patients without the sense of smell, whatever the cause.
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Figure5. Anosmia and ageusia-related terms for symptom detection.
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The absence of use of precise medical termsin the tweets made
it more difficult to extract these symptoms, especially before
March 20, 2020. We considered synonymoustermsfor symptom
detection, but these synonyms are much more polysemous: for
example, “pas de godt” (no taste) can have different meanings,
including taste, flavor, liking, fondness, and preference;
consequently, on the evaluation subset, only 59 out of 400
(14.7%) ageusia-related tweets were actually dealing with the
symptom ageusia.

Conclusions

Based on our analysis of French tweets, associations between
COVID-19 and anosmia or ageusia by web users could have
been found on Twitter only a few days before the official
announcement but not during the early stage of the pandemic.

https://infodemiology.jmir.org/2023/1/e41863

XSL-FO

RenderX

. Ageusia . No taste

. Tasteless

The comparison between early 2020 and early 2019 showed no
difference regarding the volumes of twesets, and no significant
temporal gap between the declaration of anosmia and ageusia
by patients on the internet and their coverage by media could
be found.

Although we could not find early signals linking anosmia or
ageusiawith COVID-19 on Twitter, these tweets can potentially
provide valuable information. First, we have demonstrated that
Twitter was highly reactive to the news, with a significant
increase after March 20. Second, our analysis showed that tweets
contained qualitative information, such as psychological impact
for ageusiaand chronol ogy of associated symptomsfor anosmia.
We think the reactivity of Twitter can make it a useful tool to
provide qualitative information that could complement what is
already known in case of any health aert.
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Abstract

Background: Methamphetamineisahighly addictive stimulant that affectsthe central nervous system. Crystal methamphetamine
is aform of the drug resembling glass fragments or shiny bluish-white rocks that can be taken through smoking, swallowing,
snorting, or injecting the powder once it has been dissolved in water or alcohol.

Objective: The abjective of this study is to examine how identities are socially (discursively) constructed by people who use
methamphetamine within a subreddit for people who regularly use crystal meth.

Methods: Using a mixed methods approach, we analyzed 1000 threads (318,422 words) from a subreddit for regular crystal
meth users. The qualitative component of the analysis used concordancing and corpus-based discourse analysis to identify
discursive themes informed by assemblage theory. The quantitative portion of the analysis used corpus linguistic techniques
including keyword analysisto identify words occurring with statistically marked frequency in the corpus and collocation analysis
to analyze their discursive context.

Results: Our findings reveal that the subreddit contributors use a rich and varied lexicon to describe crystal meth and other
substances, ranging from aneuroscientific register (eg, methamphetamine and dopamine) to informal vernacular (eg, meth, dope,
and fent) and commercial appellations (eg, Adderall and Seroquel). They aso use linguistic resources to construct symbolic
boundaries between different types of methamphetamine users, differentiating between the esteemed category of “functional
addicts’ and relegating othersto the stigmatized category of “tweakers” In addition, contributors contest the dominant view that
methamphetamine use inevitably leadsto psychosis, arguing instead for amore nuanced understanding that considerstheinterplay
of factors such as sleep deprivation, poor nutrition, and neglected hygiene.

Conclusions: The subreddit contributors' discourse offers a“set and setting” perspective, which provides a fresh viewpoint on
drug-induced psychosis and can guide future harm reduction strategies and research. In contrast to this view, many previous
studies overlook the real-world complexities of methamphetamine use, perhaps due to the use of controlled experimental settings.
Actual drug use, intoxication, and addiction are complex, multifaceted, and elusive phenomena that defy straightforward
characterization.

(JMIR Infodemiology 2023;3:e48189) doi:10.2196/48189

KEYWORDS

methamphetamine; social media; substance-related disorders; discourse analysis; mental health; mixed methods; corpus analysis;
web-based health
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Introduction

Methamphetamine is a highly addictive stimulant that affects
the central nervous system. Crystal methamphetamine (or
“crystal meth”) isaform of the drug resembling glassfragments
or shiny bluish-white rocks that can be taken through smoking,
swallowing (pill), snorting, or injecting the powder once it has
been dissolved in water or alcohol [1]. This study examinesthe
social construction of identity among people who use
methamphetamine. Using a corpus-based approach to discourse
analysis (introduced in the Methods section), we interrogate a
data set (or “corpus’) comprising 500 threads from a subreddit
for people who regularly use crystal meth. More specifically,
our analysis takes an inductive approach that seeks to identify
discursive themeswithin the threads, using exploratory methods
within the corpus linguistics toolkit (introduced in more detail
in the Methods section). Our interpretation of observed themes
is informed by assemblage theory (introduced in the next
section).

Methamphetamine has received extensive media, policy, and
research attention that has emphasi zed its perceived association
with violence, physical deterioration, and mental health
problems[2]. Government agencies, scientists, and others have
characterized methamphetamine as dangerous [3]. Chronic
methamphetamine use has been implicated in memory loss [4],
psychosis[5], cognitive deficits[6], mood disturbances[7], and
dental problems|[8]. Both the scholarly literature and the popular
press [9] have positioned methamphetamine use and its effects
as a public health crisis. Because its use is highly stigmatized
in some parts of society [10], methamphetamine use is often
carried out in secret or only with sympathetic fellow users to
avoid the judgment of those who do not endorse such practices

2.

Social media affords an opportunity to openly and honestly
discuss a variety of habits, practices, and health conditions,
which may be difficult to address offline [11] due to the
theorized “online disinhibition effect” [12]. Some social media
platforms promote more radically honest disclosure by granting
participants anonymity or pseudonymity [13,14], which may
facilitate more frank disclosure about practices and attitudes
toward drug use. The social mediaplatform Reddit in particul ar
permits the use of characteristic “throwaway” accounts which
can bediscarded after asingle use. Thisallows usersto abandon
an account after posting information that they do not want to
be associated with their other web-based activity or their offline
identity [15]. Barak et al [16] have described how participation
in digital support groups alows people with particular
experiencesto shareinformation, provide and accept emotional
support, socialize, and form relationships [16].

In contrast to the treatment of opioid use disorders, wherethere
isarobust evidence base supporting the use of agonist therapy
such as methadone and buprenorphine in treatment, a similar
approach has not been found to be effective in the treatment of
amphetamine-type stimulant use disorders. Recent meta-analyses
have demonstrated that agonist therapy—that is, prescribing
stimulantsfor the treatment of amphetamine-type stimulant use
disorder—has no use in promoting sustained abstinence in
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people with methamphetamine use disorder [17]. Such efforts
at treatment are based on the presumption that addiction exists
independently of effortsto describeit. Thismedically informed
model of methamphetamine addiction viewsit as a disease that
istheresult of disordered brain processes. Neurochemical [18],
neurophysiological [19], and genetic [20] explanations are
invoked in the literature to explain the effects of
methamphetamine use, as well as the syndromes of addiction
and dependence. These explanations embrace the disease model
of addiction but ultimately fail to provide a coherent view of
the complex nature of addiction [21].

An assemblage approach to amphetamine use offers some
insight into conceptualizing substance useinitsfull complexity.
This approach does not dispute the biological basisof addiction
but addsto it by describing the manifold other factors that bear
upon addictive behaviors. It conceptualizes addiction as a
collection of heterogeneous bodies, objects, and forcesthat form
a complex of addiction. Examples of such factors include the
peopl e one associates with while using drugs, the spaces where
drugs are consumed, cultural mores regarding drug use, and
economic considerations determining the price of drugs at the
site of consumption. It conceptualizes drug use and drug
addiction as a dynamic collection of heterogeneous elements
including bodies, materials, spaces, forces, and signs [22].
Assemblage thinking serves to emphasize the real conditions
in which drug problems emerge by way of the entire cast of
human and nonhuman, distal, and proximate forces at work in
such problems[22].

In this study, we provide what is, to our knowledge, the first
examination of how methamphetamine use as a habit and asan
addiction is discursively produced, reproduced, and contested
on asubreddit specifically for people using methamphetamine.
Because of itsunstructured nature, this site permits contributors
to discuss drug use in its full complexity without biases that
may be introduced by structured or semistructured interview
guides. In contrast to studies that recruit diagnostically
homogenous groups, this subreddit is available to anyone with
an internet connection. This admits the possibility of a
heterogeneous, messy collection of contributors who relate to
methamphetamine use in different ways.

Although much public health research about methamphetamine
has focused on its harms, a more recent strand of research
advocates a more comprehensive and inclusive approach to
scholarship around drug use and addiction, contemplating both
its harms and pleasures [23]. This study has the advantage of
collecting data from an open forum (ie, a subreddit) where
contributors can write about any topic pertaining to
methamphetamine use of their choosing, in the process
discursively constructing, theoretically, any kind of relationship
between themselves and methamphetamine use. In this way,
suchinteractional contexts provide promising sitesfor adopting
amore comprehensive and inclusive approach to understanding
thistopic and how users relate to thisin terms of their “normal
life”

This study represents, to our knowledge, the first digital
ethnography of a web-based community of methamphetamine
users and provides novel insights into the discursive practices
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through which this community, and indeed the practice of
methamphetamine use are socially constructed. In particular,
the analysis reveals a different perspective on drug-induced
psychosis compared to conventional scholarly literature, with
methamphetamine presented as not necessarily inducing
psychosis, when paired with regular sleep, good nutrition, and
meaningful activities. We will argue that this perspective
challenges the traditional view that directly links drug use to
psychosis, highlighting the significance of context, setting, and
other behaviors in these experiences. This research thus sheds
new light on the discursive dynamics surrounding real-world
drug use, hinting at its complexity and multifaceted nature.
Following the reporting of the results, we consider how the
insights produced through our analysis may guide harm
reduction efforts and inform future research.

Methods

Overview

We used a corpus-based approach to discourse analysis[24,25].
Corpuslinguisticsis amethodology and afield of research that
uses computational and statistical techniques to examine
linguistic patterns in large, digitized bodies of naturaly
occurring language use [26,27]. The data analyzed in a corpus
linguistic study isreferred to asthe “corpus’ (pl. “ corpora’). A
corpus comprises alarge body of naturally occurring language
designed to represent alanguage or specific context of language
use. The language or textsin acorpus are typically digitized to
enable computational analysis. With computational assistance,
those using corpus linguistic methods can identify recurrent
patterns of language use in vast corpora quickly and reliably,
and aso easily perform complex statistical procedures to
measure the significance and strength of the patterns observed.

The corpuswe constructed for this study—referred to henceforth
as the “methamphetamine corpus’—represents interactions
taking place in a subreddit for self-identified users of
methamphetamine. We used Python (version 3.0; Python
Software Foundation) to extract the 1000 most recent posts and
all associated comments made prior to July 6, 2022, the date of
datacollection. Poststhat were posted and subsequently deleted
were not available for analysis (n=137). In total, 863 complete
posts (370,452 words; see Textbox 1) were analyzed. The
subreddit requires postersto solve a CAPTCHA before posting
to prove they are human and not a bot.

At the time of sampling, the subreddit had approximately
107,000 members. To ensure that subreddit members’ identities
are protected as far as possible, no usernames or references to
any other personally identifying information will be reproduced
in the data extracts cited in this paper.

The corpus-based approach to discourse analysis used in this
study isinductive and draws upon a combination of techniques
such as keyword analysis, collocation analysis, and manual
examination of concordances. We used Sketch Engine [28] to
compile a list of keywords for the methamphetamine corpus.
Keywords are essentially words that appear with a higher than
expected frequency in the study corpus when compared to a
reference corpus. The reference corpus typically represents
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some “benchmark” of language use against which the language
in the study corpus can be compared. In this case, we obtained
keywords for the methamphetamine corpus by comparing it
against enTenTen20, a 36 billion-word corpus representing the
English language used on the internet [29]. We used the simple
math method of cal culating keyness scores and we included all
keywords with akeyness score =250 in our analysis. The simple
math method of calculating keywords contains a smoothing

parameter.
@

where fpmyocus 1S the normalized (per million) frequency of
the word in the focus corpus; fpm,,«1S the normalized (per

million) frequency of the word in the reference corpus, and N
is a smoothing parameter.

We used N=1 as the smoothing parameter, which is the default
value in Sketch Engine, for this analysis. As noted, we used
keyword analysis inductively—as a “way in” to identify the
characteristic language use and various themes and objects of
the discourse produced by the subreddit usersin their posts. As
will be demonstrated in the Results section, the keywords
produced through this step, when inspected manually in their
contexts of use, could be grouped into a series of thematic and
lexical categories, which reflect the kinds of themes and
language use that were characteristic of the interactionsin the
threads in our corpus relative to general English language use
on the internet.

We then examined the use of several keywords of interest using
collocation analysis. Collocation is the linguistic device,
whereby pairs of words (and sometimes wider networks of
words) become bearers of meaning through repeated patterns
of co-occurrence in natural language [26,27]. Through their
collocational relationships, then, aword can devel op meanings
and exhibit particular “discourse prosodies’ or carry particular
ideologies [30]. Discourse prosodies broadly refer to the
relationships between words and the textual contexts in which
they are embedded. Collocation analysis involves identifying
patterns of word co-occurrence, which are more frequent in the
corpusthan would be expected by chance. Collocational pairings
were examined within a 5-word window on either side of the
search term (or “node”) and ranked using the cubed mutual
information statistic. We analyzed coll ocations using WordSmith
Tools (Lexical Analysis Software). We aso anayzed
collocational relationships between words through lexical
bundles or n-grams[31]. These are fixed multiword expressions
where 2 or more words occur together.

Finally, we followed up our identification of collocational
pairings and n-gramswith aqualitative discourse analysis, using
concordancing, where we examined instances of a particular
word or n-gram in context in the study corpus. For this portion
of the study, werelied on the critical analysis of the concept of
addiction employed by Keane[32]. Thisapproach problematizes
the binary opposition of health and disease and recogni zes that
addiction is not “a universal feature of human existence, but a
culturally specific way of understanding, classifying and
regulating particular problems of individual conduct.” Following
Fraser et al [33], we also draw upon the notion of collateral
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realities described by John Law. Collateral realities refer to
realitiesthat are the product of an ontological politics and assert
that realities are donein practice and must be “ done and redone
again to remain stable” This approach regards addiction as an
assemblage—a heterogeneous collection of objects, forces,
affects, and tendencies—that is unstable and characterized by
relations of exteriority.

The outputs of the corpus linguistic procedures were initially
interpreted by thefirst author (AL), with the interpretationsthen

Textbox 1. Quantitative profile of the methamphetamine corpus.

Lustig & Brookes

being checked for plausibility by the second author (GB; asthis
was aplausibility check, thisdid not involve generating aformal
intercoder reliability score for thematic interpretation). The
discursive themes and wider patternsreported in the next section
were agreed upon by both researchers. Thefirst author (AL) is
a psychiatrist. The second (GB) has training in linguistics
(including corpus linguistics methodology) and health care
communication.

«  Posts sampled (n=863)

«  Total comments (n=8599)

«  Total words (tokens) (n=370,452)

«  Total unique words (types) (n=20,190)

Ethical Consider ations

All the data used in our analysis were posted in a public space,
which are available to any internet user without having to
subscribe or login to the site. The subreddit permits users to
contribute anonymously with a pseudonymous username that
is not linked to their offline identities. Our examination of the
posts constitutes what Eysenbach and Till refer to as “passive
analysis’ [34]. Theinsgtitutional review board at The Centre for
Addiction and Mental Health (University of Toronto) reviewed
the proposed study and opined that it did not require formal
approval.

Results

Overview

As described in the previous section, our analysis began with
the identification of keywords. Table 1 presents the keywords
obtained from our corpus through comparison with
EnTenTen20, which is manually grouped into thematic and
lexical categories based on inspection of their uses in the
contexts of the subreddit posts. All P values were <.001.

The most statistically marked keyword in the corpusis meth. It
occurs 1826 times in the corpus with a relative frequency of
4923 per million tokens. The most frequent bigram containing
meth is the copular “meth is’ which occurs 99 times.
Examination of concordance lines containing thisbigram reveals
considerable ambivalence among group contributors regarding
the relative merits and hazards of methamphetamine. When
describing its harms, contributors focus on the embodied harms
of the substance. Note that examples were selected because they
were deemed by the researchers to be representative of the
patterns being described. To retain their integrity, extracts are
reproduced with the contributors' original spelling and
punctuation.

That’s how fucked meth is. We areit’s victim for life.

Even pharmaceutical meth isbad for you, the shit we
use on the street is pretty much poisonous
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| would stop snorting and hot railing for awhile. Your
noseisveryirritated, and meth isworsefor your nose
than most drugs. Pretty caustic

I'n my opinion/experience, meth ismore addictive and
with higher abuse potential than adderall dexedrine,
etc, not because it produces highs adderall cannot,
but bc 1) its cheaper and easier to get, so you'll have
alarger stash, and lessincentiveto not waste it since
you won't be forced to wait till end of month to re up.
2) you can smoke it.

In other instances, contributors use the “meth is’ bigram to
highlight the corporeal pleasures of methamphetamine use.

....meth isfun and leads to good sex and | ots of energy
isall I know

There have been studies that found as long as you
don't let it fuck with sleeping, eating and taking care
of yourself in general, meth is no worse for you than
caffeineisin adultswith no predisposed health issues.

| definitely wouldn't say anyone SHOULD do meth,
but fromwhat | know about coke - which admittedly,
| haven't done coke - meth is alot more sustainable.

Meth is by far the most common lexicalization used by
contributorsto describe methamphetamine but arichly textured
lexicon permits nuanced descriptions of substances. Although
synonymouswith meth, thelonger and more scientific-sounding
synonym methamphetamineis sometimesinvoked by exponents
of amore formal, neuroscientific kind of discourse.

Probably because methamphetamine does not cause
hallucinations. They come from lack of sleep or from
stimulant psychosis not from the pharmacokinetics
of methamphetamine.

| know that they sometimes actually literally will
prescribe methamphetamine HCI in pill form for
certain ADHD patients, that is, Desoxyn in two
20-25mg spaced doses.

Even less frequently, contributors use desoxyn as a synonym

for methamphetamine. Desoxyn is a brand name for
pharmaceutical methamphetamine. Almost all instances of this
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lexicalization of the substance refer to pharmaceutical and other
medical uses, frequently in the context of treatment for
attention-deficit/hyperactivity disorder (ADHD).

ADHD is treated with desoxyn in like 5 mg - 40 mg
doses or some shit like that, once per day.

Went to docs and got diagnosed lol Adderall is good
but desoxyn is the shit! Unfortunately its not easy to
get.

The 3 keywords meth, methamphetamine, and desoxyn refer to
the same chemical compound. However, these synonyms allow
contributors to invoke or obscure a neurochemical discourse
and amore or lessformal register. Although the material referent
is identical, the sense of each lexicalization is distinct. These
divergent forms of expression permit nuanced rel ations between
the material elements of the assemblage in question.

Theuse of different lexical typesto describe methamphetamine
highlights the different senses. As Keane notes, “In Plato’'s
Pharmacy Derrida highlights the undecidability and ambiguity
of the Greek word pharmakon, which can mean both poison
and cure’ [32]. The tension evoked by the same compound
functioning as both atoxin and atherapeutic or pleasure-causing
agent ismanaged by using different lexical types, each of which
exhibits a distinct discourse prosody.

Finaly, the keyword dope is aso used to refer to
methamphetamine in the study corpus. However, of all
lexicalizations of methamphetamine, dope is most highly
polysemous, contested, and at times, ambiguous.

In athread where a contributor refers to methamphetamine as
dope, an interlocutor responds: “meth # dope. dopeisheroin or
other strong downers.”

To this, another poster replies:

What region? Herein the Midwest, meth is absolutely
100% dope. Dope is definitely not heroin or any

Lustig & Brookes

downers. Dope = shit = crystal, at least here. And
that's the standard In every circle I've been involved
with - old heads, heroin addicts, tweakers, teachers,
shooters, smokers (although people who only fuck w
weed/occasionally psychedelicsliketo call weed dope,
and if pressed, will usually agree with you. But that's
because they literally have no idea, tho)

Depending, then, on the context of the interaction, dope can
refer to methamphetamine, but it can also refer to marijuanaor
to cocaine, heroin, or other opioids. In some instances, dope
does not refer to a substance at all, but to a positive quality as
in:

That color is so dope. Nice.
They look dope, very nice lamp-work

Adderall also appears as a keyword and occurs 90 timesin the
corpus. Like desoxyn, Adderall isacommercial trade nameand
refers to a preparation of dextroamphetamine and racemic
amphetamine. It is used therapeutically in the treatment of
ADHD and narcolepsy. Table 2 shows the collocates of this

keyword.

Collocation analysis of Adderall reveals that meth is its only
lexical (ie, nongrammatical) collocate. This pairing occurs
because contributors compare Adderall and meth:

Dude, | flat out have conversations with voices, it's
like my favorite musicians and shit telepathically
speaking to me, | enjoy to hear them, and meth and
adderall all are similar but | feel way more euphoric
on meth.

Adderall where | was, was going for fucking $10 for
the 30mg shit. A gram of good meth is $40. Met
someone who noticed | took the addiesrecreationally
aswell to study. Asked. Told me that Adderall isjust
smart meth.

Table 1. Keywords grouped into thematic or lexical categories and ranked by keyness score.

Thematic or lexical category

Associated keywords (raw frequency, keyness score)

Substances and chemicals

meth (1826, 1802); adderall (90, 179); dope (211, 121); benzo (51, 116); amphetamine (65, 100); fent

(37, 99); dopamine (96, 87); stim (38, 80); opiate (66, 75); methamphetamine (65, 73); n-iso (24, 66);
fentanyl (48, 65); coke (118, 58); desoxyn (21, 57); Seroquel (20, 50); stimulant (49, 50)

Psychological states

Descriptions of consumers of metham-
phetamine

M ode/implements of administration

psychosis (150, 150); comedown (46, 117); sober (159, 89); euphoria (40, 50)
tweaker (118, 288); addict (213, 63)

roa (68, 141); snort (178, 136); bong (78, 118); boof (36, 94); crackback (34, 92); shard (102, 87);

boofing (29, 79); tho (141, 78); redose (20, 55); hotrail (19, 52); vape (35, 52); smoke (675, 52)

Internet-related lexis

Imao (137, 230); idk (108, 156); subreddit (42, 86); lol (630, 84); Reddit (84, 79); cuz (76, 59), tbh (46,

69); Imfao (25, 61); wtf (57, 53); ur (109, 52); haha (99, 50)

Swear words

Forms of address

shit (952, 146); fuck (975, 88); fuckin (66, 86)
bro (168, 107); homie (44, 89); bruh (29, 75)
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Table 2. Collocates of Adderall ranked by cubed mutual information.

Lustig & Brookes

Rank Collocate Collocation frequency Cubed mutual information
1 and 27 13.04
2 was 11 1153
3 meth 11 11.30
4 would 7 10.68
5 for 11 10.54

Affective Assemblages

As noted by Duff [22], “[a]ll drug assemblages should be
regarded as affective entities in as much as affective processes
are at least partially responsible for the formation of the
assemblage.” Used in this sense, affect refersto emotional states
and also refersto abody’s capacity to act upon or be acted upon,
by other bodies. Our keyword analysisidentified 4 lexical types
which, when analyzed in their wider contexts of use, seemed
to correspond to this broad definition of affect: psychosis,
comedown, euphoria, and sober.

Psychosis

Table 3 showsthe collocates of thefirst of the affect keywords,
psychosis.

Collocation analysis of psychosisrevealsthat induced isits most
frequent collocate, typically occurring in the L1 position (ie,
immediately preceding the node) to form the bigram induced
psychosis. The term drug-induced psychosis is a clausal
nominalization in that it converts a process into a noun and
identifies a drug as the cause of psychosis. This diagnostic
category and attendant causal explanation are consistent with
both the Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition, Text Revision (DSM-5-TR) and International
Classification of Diseases 11th Revision (ICD-11) diagnhostic
classification systems. The function of this is to reproduce,
within this context, the way in which methamphetamine and
addiction are discursively represented in some research and
policy practices[33].

Finally found medications and treatment that wor ked
and officially diagnosed schizophrenic, since i was
sober when thelong lasting fully documented episode
happend it wasnt considered drug induced psychosis.

Recent editions of the DSM have strived to be atheoretical [35]
andto engagein“pure” description without invoking etiological
explanations. However, attempts at description necessarily
invoke assumptions regarding pathology whether implicit or
explicit. In the case of substance-induced psychosis, the
etiological formulation isincluded in the name. The use of the
term drug-induced psychosis enacts the collatera reality that
drugs cause psychosis.

By using this terminology, this excerpt provides an example of
cases in which users enact the collateral redlity that
methamphetamine use causes psychosis. At the same time, it
challengesthat reality by alluding to the performative function
of psychiatric diagnosis by using the modalizing mental verb
considered. In so doing, this post challenges the reification of
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the diagnostic category and acknowledges that diagnoses are at
least partially made in practice.

The causes of psychosis are also contested in the corpus. A
medicalizing discourse of psychosisviewsit asasimple cause
and effect, whereby methamphetamine use inevitably leads to
psychosis. In contrast, contributors view the development of
psychosis as resulting from a more complex assemblage that
includes excessive methamphetamine use along with other habits
and practices.

| used to get way too high and around day 3 of being
up and overamped, I'd sit there and be unable to
move. It'sjust a matter of moderation and how many
days somebody is up. | eventually went into a bad
psychosis from not staying hydrated, not eating, not
sleeping, and not moving. WWent deep into my head.
But tonight for example I'm moderating what | smoke
and I've done all my laundry and cleaned my house.
For me, lessismore.

I'm off the shit finally, but | know that psychosis is
caused by nutrition and rest deficiency.

| think the longest run I've done is 11 days without
sleep; but | was able to fend off psychosis by eating
three meals a day and shutting down for 4-5 hours a
day whereit'slaying in bed with low stimuli, so even
if I'm not sleeping, I'm resting my spine, joints, and
mind.

As said a million times over, the best way to fend off
psychosisisregular sleep and healthy meals.

These posts present psychosis as the result of a complex array
of corporeal factors, such as hydration, food, sleep, and activity
level. They formulate psychosis as part of an assemblage that
narrows and limits the range of activities that a body can do.
Descriptions of positive experiences of methamphetamine use
endorse an expansion of capacity. However constructions of
experiences and activities situate a “bad psychosis’ as being
part of a diminished capacity to act. Contributors also use the
verbal construction fend off to invoke the metaphor of battling
an assailant. Metaphor is pervasive in the language used to reify
mental states and forms of distress[36].

The notion that sleep deprivation is a necessary condition for
methamphetamine use to cause psychosis is highly prevalent
in our corpus. This belief is directly at odds with generally
accepted medical knowledge, and arecently published scholarly
review of methamphetamine-induced psychosis unequivocally
stated that “ methamphetamine and amphetamine can result in
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a paranoid psychosis...and the syndrome is not due to sleep
deprivation” [37].

Although most descriptions of psychosis are negative, a few
are positive:

Table 3. Collocates of psychosis, ranked by cubed mutual information.

Lustig & Brookes

That is cool psychosisand a lot of people don't say it
if you get sleep I'm like you | like day three and four
the best if you learne to handle it you enjoy the
psychosisit'sfun for me anyway thewhole placeturns
into what | call non-comporeal beings.

When | started using Meth, | enjoyed the psychosis.

Rank Collocate Collocation frequency Cubed mutual information
1 induced 6 14.55
2 the 43 14.21
3 experiencing 5 13.99
4 and 25 12.02
5 from 12 1181
Comedown One contributor responds:

Contributors use the term comedown to refer to the affective
and corporeadl experiences that follow a period of
methamphetamine use. In describing the nature of the
methamphetamine comedown, contributors refer to other
substances as a point of comparison.

COMEDOWN: first let's state that coke made me feel
empty and anxious, molly made me feel depressed
and meth makes me feel very on edge and paranoid
and very nervous.

You get this weird gut anxiety which is different
compared to other comedowns and it can be off
setting but what goes up just comedown especially at
thislevel.

Contributors discuss various strategies to mitigate the intensity
of the comedown. Some contributors recommend vitamins,
energy drinks, or nutritional supplements.

Infuture, oral dosing lastsalot longer, the comedown
is a lot smoother, and it's a lot less obsessive (you
just eat 20mg instead of spending hours upon hours
chasing the rush).

You need some comedown candy's and to accept that
fact that. 1. Seepisreally the only thing that will help
you 2. You're going down for a day or two.

I'm fucking spun, | grabbed some Tina, some raw
coke, and a Xan for the comedown.

I'm interested in knowing since as ssri it makes
serotonin relapse slower, may it increase the high or
make the comedown easier when taken single dose
after meth in not that high doses?

While accounts of methamphetamine addiction enacted in
research and policy emphasize risks and risk mitigation,
consumer accounts emphasize therole of pleasurein narratives
of psychological addiction to methamphetamine [38].
Contributors used the keyword euphoria to describe the intense
pleasure associated with methamphetamine ingestion. In
response to a thread asking: “Should | sleep or load one more

bowl T
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Man if you've been up for more than a day or two
already it should always be sleep. Redosing isn't even
fun at that point, just keeps you awake and any
feelings of euphoria have gone to bed.

This response navigates the tension between binging on
methamphetamine, which lies outside the responsible ideal s of
normal life and the more responsibilized agency and subjectivity
of such normative temporal routines as sleep. Contributors
recruit discourses of neuroscience invoking the action of
neurotransmitters to account for euphoria of the lack thereof,

You don't feel any euphoria and only feel tweaky
because all the dopamine has been converted into
adrenaline”

Another contributor invokes a neuroscientific discourse to
account for the euphoric effects of methamphetamine:

But initially, and if taking a healthy dose, its similar
to most add meds just with a longer half life. Also,
meth penetrates the BBB way faster and harder so
you get the added euphoria.

By invoking the term half life, borrowed from pharmacology,
and a reference to the blood—brain barrier, this post invokes a
neuroscientific discourse in explaining the euphoric effect of
methamphetamine use. As previously noted [33], consumer
accounts of methamphetamine use enact several collateral
realities, one of which isthat methamphetamine use affectsthe
brain. It also positions the contributor as belonging to a
community of knowledge that includes consumers as well as
scientists [33].

Thereiseuphoriabut it's not the main aspect of it all
to me. More than anything, meth feels like | want to
keep doing whatever it is| am currently doing for the
whole day.

This post highlights that the motivation for methamphetamine
use extends beyond an experience of pleasure as a benefit. It
apprehends the “ dynamics of space, embodiment and practice’
[39]. The post speaks to the pleasure of practice or activities
enabled by methamphetamine use. Although methamphetamine
use is characterized by a sought-after, intensely pleasurable
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corporeal state, in order to construct the assemblage of
methamphetamine use, it must occur in concert with practice.

Several of the keywords including snort, boof, hotrail, vape,
and smoke refer to different modes of administering
methamphetamine. Snort refers to nasal insufflation of
methamphetamine crystal. Boof refersto rectal administration.
Hotrail refersto nasal inhalation of methamphetamine smoke.
To vape refers to the inhalation of a vapor formed by heating
methamphetamine to the point that it evaporates but not so hot
that it burns. Finally, smoking refersto inhaling smoke formed
by the combustion of methamphetamine.

Redose refers to administering methamphetamine sometime,
typically several hours, after a previous dose, when the effects
of the earlier dose begin to wear off.

| amlosing control. | compulsively redose and neglect
important human needs such as hydration, hygiene,
nourishment, among other things.

| usually just 1V now. It goes from pure excitement to
HOLY FUCK INTENSE as | shoot up, and it stays
intense or an hour or two, tapers off for a good while
and then I'm straight. | do have the urge to redose
after the intense part wears off.

Beware though, the transfor mation into a mechanized

tweakazoid redose robot isn't limited to the ritual of

freebasing.
Theimplication that redose involves the repetitive ingestion of
methamphetamine hints at the habitual pattern of some
methamphetamine use. These posts suggest that using habitual ly
opens the door to a pattern of use where using overshadows
other social and occupational activities, leading to aproblematic
pattern of use.

Contributors associate the corporeal practices associated with
different routes of administration with variations in the
experience of intoxication. One post reads:

| am gonna stop smoking this shit.

It's such a waste and it's very fiendish. | can easily
smoke 2 gramsin 1 night. Plus| amwaay to obsessed
with forming a perfect crack back. It fucks with my
head tbh.

A response to the thread offers:

Yup. It turns you into a re-dosing robot, long after
the euphoria is gone. Don't be a slave to the drug.
Consider taking it orally in one dose instead.

Table 4. Collocates of addict ranked by cubed mutual information.

Lustig & Brookes

The suggestion connectsthe corporeal practice of administration
with the affective experience of intoxication.

L exicalizing M ethamphetamine Users

Contributors use the term addict and tweaker to refer to people
who habitually use methamphetamine.

The most statistically marked collocate of an addict is
functional, occurring almost exclusively in the L1 position to
form the bigram, functional addict (see Table 4).

First thing you gotta do is get a morning routine. It's
possibleto bea functional addict you just gotta force
yourself to take breaks so you can realize things like
this.

Sureit's possible to be a functional addict, or even
an occasional user.

Here again, contributors emphasize that stabilizing routines
tend to promote an assemblage of less destructive use.

Tweaker is used to refer to people who habitually use
methamphetamine. It refers to amore stigmatized subject than
an addict. Posts referencing tweakers equate this identity with
mental illness:

| had a tweaker girl tell me some wild story about
her first hand experience with the fent cut meth, but
she seemed like a nutball so | took what she said with
agrain of salt at the time.

thank you. i didn't make it though, my friend who is
like the most retarded, mentally ill, tweaker out there
somehow made this thing. if i ever get around to
making my own (which i probably should bc i dont
trust anything that comes from him) then i'll use that
tip;)
Ya paranoid tweaker fuck.
Posts referencing tweaker also focus on the embodied stigmata
of chronic methamphetamine use including psychomotor
agitation, grooming, and skin lesions:

Just don't ook like a tweaker and you're set.

If you've ever met a tweaker who sleeps you'll see
that they're actually not some twitchy dude looking
over his shoulders at 1,000Mph itching his friends
head because his back has bugs coming out of his
skin.

That's what separates a thriving user from a tweaker
or junkie, self preservation and self respect.

Rank Collocate Collocation frequency Cubed mutual information
1 functional 12 17.26
2 meth 16 12.80
3 drug 8 12.05
4 full 5 11.99
5 and 18 11.16
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Discussion

Principal Findings

The discursive patterns identified in this corpus of interactions
problematize several of the collateral realities enacted by
pre-existing scholarly research on methamphetamine use. As
noted by Dwyer and Moore [40], extant drug education and
research texts adopt a “ pharmacology as destiny” approach to
the relationship between methamphetamine and psychosis. This
approach privileges pharmacology as the key determinant of
experienced effects and discounts the importance of set, setting
[41], and other contextual factorsin drug experiences generally
and psychosis in particular. It foregrounds a Humean constant
conjunction [42] between methamphetamine use and psychosis.
These discursive practices construct conventional ontological
understandings of methamphetamine asanterior, singular, stable,
and definite, and of its psychological effects as indicative of
pathology. In contrast, the first-hand descriptions of psychosis
provided by contributors conceptualize psychosis as existing
as part of a complex assemblage. They posit that when
methamphetamine use occurs in a complex of behaviors that
includes regular deep, healthy nutrition, meaningful activities,
and a moderate degree of stimulation, then it does not
necessarily include psychosis. This perspectiveis at odds with
that of the existing scholarly literature on amphetamine-induced
psychosis [43]. This insight may be helpful in guiding harm
reduction efforts relating to methamphetamine psychosis by
directing attention to the activities that occur aongside
methamphetamine use, rather than solely toward the quantity
used or the route of administration. This also has important
implications for future research which may attempt to
disentangle the complex rel ationship between methamphetamine
use, psychosis, and the array of other factors that bear upon
them.

The reasons for this apparent conflict in perspectives are not
clear and merit further investigation. Studies concluding that
amphetamines cause psychosis were conducted in laboratory
settings with controlled conditions. In the real world,
methamphetamine useis acomplex, multifaceted, and changing
phenomenon. As suggested by Law [44], experimental methods
are ill-suited to address things that are emotional, ephemeral,
elusive, or indistinct. We submit that real-world drug use,
intoxication, and addiction are messy phenomenathat defy clear
and definite characterization or explanation.

This study found that methamphetamine users can choose from
arich and varied lexicon to refer to methamphetamine and other
substances. In particular, lexical choices highlight that
amphetamines can be seen asalife-giving dlixir, aninvigorating
tonic, a prescription medication sanctioned by medical
authorities, or a poison that harms and robs those who use it of
agency. Contributors perform these different amphetamine
objects by using different lexical items and by situating them
in purposive discursive contexts. These include informal terms
such as meth and dope, aswell as more formal termsincluding
methamphetamine. Use of the lexical item dope can be used to
signal “in group” status in the community. Users also invoked
terms derived from the commercial production, marketing, and
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sale of stimulants. In doing so, they frequently invoked a more
formal neuroscientific register and positioned themselves as
members of acommunity of knowledge that includes scientists
aswell asdrug consumers. This may be afeature of the kind of
web-based context represented in the corpus data assembled for
this study since such environments have provided the contextual
basis for observations of the discursive enactment of so-called
“expert patient” identities in previous studies of digital
health-related communication [25,45,46].

Contributors described affective states associated with the use
and the cessation of methamphetamine use. Affective states
such as euphoria represent the bliss of amphetamine ingestion,
while comedown representsits opposite. Contributors construed
these two affective states as existing in tension, each opposite
being anecessary counterpoint. Psychosiswas generally framed
as undesirable and contributors traded in strategies to avoid
psychosis. However, a minority countervailing viewpoint
challenged that characterization and identified that psychosis
can be an exciting novel experience.

Contributors also use lexical choices to construct symbolic
boundaries [47] between various types of methamphetamine
users. As noted by Copes et a [48], people who use
methamphetamine are highly stigmatized and make distinctions
between different types of users based on their ability to
maintain their physical appearance, mental health, and daily
obligations. The use of terms such as functional addict is
presented as desirablein contrast to tweakerswho are presented
in stigmatized terms as having lost control of their use. This
echoes previous findings that individuals negotiate the
boundaries of acceptable drug use by aligning their identity
with the virtues of autonomy, control, and responsibility and
distancing themselves from such stigmatized subject positions
asaddict or junkie[2].

Limitations

A limitation of our analysis is that we have only studied 1
subreddit. Future research should consider a wider range of
interactional contexts—including other sites and sites using
languages other than English—in order to ascertain the extent
to which the patterns observed in this study might be afeature
of the culture and subculture (ie, this particular subreddit) we
studied, and the extent to which they might be considered part
of a broader discourse around methamphetamine use.
Furthermore, it is possible that other subreddits on meth use
exist on topics that may have different positive and negative
sentiments about use and behavioral-related topics or may have
different types of contributing users. This brings us to another
limitation, while the anonymity of the site we studied was, on
one hand, an advantage for the purposes of our analysis
(potentially giving rise to more candid disclosures, as discussed
earlier), alimitation of such anonymity isthat it is not possible
for us to reliably assess the sociodemographic make-up of the
usersrepresented by our data, nor to draw comparisons between
groups. Addressing these limitations would require to use of
different—possibly even purposively designed—data sets. It is
our intention that the findings reported in this paper will provide
a springboard for such work and a wider program of research
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to better understand the discursive dynamics of addictive
substance use.

Conclusions

In summary, this study analyzed digital discussions among
methamphetamine users, which finds that the contributions
making up the subreddit under study frequently challenged a
preexisting research view that links methamphetamine use
directly with psychosis. The contributors whose discourse we
studied presented a complex array of factors including regular
sleep, nutrition, meaningful activities, and stimulation, which,
when combined with methamphetamine use, may not necessarily

Lustig & Brookes

lead to psychosis. This “set and setting” perspective offers a
fresh viewpoint on drug-induced psychosis and can guide future
harm reduction strategies and research. Many previous studies
might thus be viewed as overlooking the real-world complexities
of methamphetamine use, perhaps due to the use of controlled
experimental settings. Actual drug use, intoxication, and
addiction are complex, multifaceted, and elusive phenomena
that defy straightforward characterization. Notably, we found
evidence of lexical choices whose use indicated a delineation
of symbolic boundaries between types of methamphetamine
users, establishing a societal hierarchy within the user

community.
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Abstract

Background: TikTok isapopular social media platform that allows users to create and share content through short videos. It
has become a place for everyday users, especially Generation Z users, to share experiences about their reproductive health. Owing
to its growing popularity and easy accessibility, TikTok can help raise awareness for reproductive health issues as well as help
destigmati ze these conversations.

Objective: We aimed to identify and understand the visual, audio, and written components of content that TikTok users create
about their reproductive health experiences.

Methods: A sampling framework was implemented to narrow down the analytic data set. The top 6 videos from each targeted
hashtag (eg, #BirthControl, #MyBodyMyChoice, and #LoveYourself) were extracted biweekly for 16 weeks (July-November
2020). During data collection, we noted video characteristics such as captioning, music, likes, and cited sources. Qualitative
content analysis was performed on the extracted videos.

Results: The top videos in each hashtag were consistent over time; for example, only 11 videos appeared in the top 6 category
for #BirthControl throughout the data collection. Most videosfell into 2 primary categories: personal experiences and informational
content. Among the personal experiences, people shared stories (eg, intrauterine device removal experiences), crafts (eg, painting
their pill case), or humor (eg, celebrations of the arrival of their period). Dancing and demonstrations were commonly used in
informational content.

Conclusions: TikTok is used to share messages on myriad reproductive health topics. Understanding users exposure provides
important insightsinto their beliefs and knowledge of sexual and reproductive health. The study findings can be used to generate
valuableinformation for teenagers and young adults, their health care providers, and their communities. Producing health messages
that are both meaningful and accessiblewill contribute to the cocreation of critical health information for professional and personal
use.

(IMIR Infodemiology 2023;3:e42810) doi:10.2196/42810

KEYWORDS

TikTok; social media; reproductive health; women's health; health outcome; content analysis; health information; sexual health;
web-based information; COVID-19; health message
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Introduction

Background

Social mediaplatforms allow users from various age groupsto
share and communicate information in an accessible manner.
Prevalent social mediaplatforms, such as Facebook, I nstagram,
Twitter, and TikTok, differ in layout and structure [1]. For
instance, Twitter derives content from text; Instagram, from
images; and Facebook, from a combination of both [1]. The
increasing popularity of these platforms has crested the potential
for the spread of sensitive and stigmatizing topics regarding
reproductive and sexual health promotion [2]. The public
chooses the platform that best suits their needs based on how
the layout and structure fit the context. Another factor is the
stratification of social media platform users by age; younger
people appear to prefer different social media platforms than
those from previous generations. For example, arecent poll of
3000 Americans showed that 26% of Generation Z members
chose TikTok as the app they would choose to use forever if
they could only use one app, making it the top response for the
entire age group [3]. Thisis in considerable contrast to older
generations, which chose Facebook astheir favorite by far (51%
of all other ages of social media users) [3]. The relatively new
platform TikTok launched in Chinain 2016 and went worldwide
in 2018 with up to 800 million active users following the
COVID-19 pandemic and global lockdowns [4]. TikTok, which
allows users to create 15-second to 3-minute-long videos, has
approximately 37 billion video views each month [5]. The
platform is most popular among users aged between 13 and 24
years [5]. However, during the COVID-19 pandemic, some
health care professionals and the World Health Organization
turned to TikTok to facilitate the spread of reliable public health
information [5].

Digital Storytelling

Digital storytelling refers to how the public shares their story
through various forms of media; using social media to do this
has become popular. People often use social media to share
their reproductive health experiences, whether they are stories
of sexual assault, political statements, or health-related ordeals
[2]. From #FreeThePill to #MyBodyMyChoice, early narratives
being shared were crucial to large movements. One of the most
well-known examples of such prominent socia media
movements is #MeToo. The phrase was initially used on the
social mediaplatform MySpacein 2006, but in 2017, it became
very popular on Twitter, igniting the movement [6]. The goal
was to promote, support, and reduce the stigma around sharing
experiences of sexual assault. The hashtag quickly went viral,
thrusting the topic into the spotlight [7]. Since then, the way
reproductive health experiences are shared on the web has
changed, with social media becoming a more prominent way
to contribute to the narrative.

People find new, unique ways to share their stories every day,
especially during the COVID-19 pandemic when they felt most
isolated. This makes users feel more connected to each other
and the world [8]. TikTok’s growing popularity has made it an
ideal platform for young adults to share their experiencesin a
quick yet far-reaching manner [9], allowing usersto share their
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health experiences uniquely through videos [10]. Even before
TikTok, many social media users relied on platforms such as
Twitter, YouTube, Facebook, and Instagram to share various
reproductive health experiences [10-14]. For example, many
nonprofessionals have shared overwhelmingly positive posts
regarding intrauterine devices (IUDs), in contrast to the posts
using more negative keywords from health care organizations
and far more negative posts by law organizations, highlighting
pain, issues with insertion and removal, and other side effects
[11,15]. However, among the YouTube posts regarding 1UDs,
approximately one-third of the IUD testimonials contained
inaccurate information that could skew a viewer’'s opinion on
IUDs and other contraceptives [13]. Miscarriage has a so been
discussed on social media, particularly on Instagram. The
trending hashtag #IHadAMiscarriage provided women a way
to cope and find support [12]. Abortion isanother popular topic
that has been discussed on social media. Through the popular
hashtags  #StandWithPP,  #ShoutYourAbortion, and
#NotoriousRBG, users can show their support and help
normalize abortions [14]. These platforms have similar digital
narratives, however, TikTok’s unique user interface and
content-sharing methods are drawing attention. The platform
exclusively shares videos and does so continuously, using an
algorithm to ensurethat each individual is seeing content curated
specifically for them and adapting the stream accordingly
[10,16]. On the basis of the content that viewers engage with
the most, they receive similar videos [17]. Videos that are
proven to be successful by some viewers will be pushed to
others who might like similar content [16]. A study by Li et al
[18] investigated the different video formats and types that
TikTok provided specificaly related to COVID-19
pandemic—elated content and how other video formats and
types contributed to user engagement. These video formats
included video length, subtitle, text, spoken language, captions,
and music, whereas the video types included whether they
provided acting, an animated infographic, documentary, news,
oral speech, apictorial slideshow, or a TikTok dance [18].

Many popular platforms such as Facebook, Instagram, and
Twitter focus predominantly on text or still images [10]. In
contrast, the content on TikTok, often includes more detail with
text, music, acontinuous stream of content, and response videos
to original TikTok content [10]. TikTok also alows users to
combine several layers of overlapping content to create aunique
narrative that differs from that of other platforms [19]. In
addition, TikTok is trendiest among young people, especialy
in India, the United States, and Turkey, the countries with the
largest monthly user base[20]. Infact, 41% of all TikTok users
are aged 16 to 24 years, and in the United States, the top user
ages fall between 18 and 24 years (42%) and 13 and 17 years
(27%) [20]. Most TikTok users are young people, so the way
content is spread on the platform conveys much about how
young people interact with the information on it. Because
TikTok rarely features content from familiar users, this narrative
empowers the younger demographic to connect with new
individuals in a more accessible way than other well-known
social media platforms [19]. Although it is understood that
TikTok’s digital narrative differs from other platforms, thereis
currently minimal research on how reproductive health content
is spread on this growing platform.
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Social Mediain Health Care

The growing prevalence of social mediahasalso provided health
care professionals with a platform to effectively share health
information and public health interventions with over 1 billion
users worldwide [21]. Because it is such a prominent way that
important information is being spread, it is essentia to
understand how younger people, especialy those
disproportionately impacted by negative health outcomes (13-24
years), use the app to talk about reproductive health and what
topics most interest them. In the same way in which people
create videos and partake in trends to share health information
involving periods, birth control, infertility, and more, usersalso
make TikTok content about all types of relationships: romantic,
platonic, familial, and professional [9,22]. Asrelationships play
alargerolein how people view topics and make decisions about
topics such as reproductive and sexual health, it isan important
aspect to study. However, there is not much research about how
relationships are discussed on TikTok. This study can provide
crucia pilot data for future research and program devel opment
proposalsthat use technology to reach young people. Analyzing
teenagers and young adults behavior on TikTok when
discussing and engaging in reproductive health experiences can
not only generate valuable information for them, their health
care providers, and their communities but also help produce
health messages that are both meaningful and accessible. The
insight we gained from this investigation can alow for
contributionsto the cocreation of critical health information for
professional and personal use. Therefore, this study aims to
identify and understand the content TikTok users are sharing
about their everyday reproductive health experiences and the
audio, visual, and written techniques they use to do so.

Methods

Data Collection

This study used an approach based on the principles of program
science to inform the planning, implementation, and evaluation
of complex health interventions [23]. This iterative approach
consistsof 3 primary phases, providing aframework for moving
research and practice forward when an evidence-driven solution
does not exist. The strategic planning stage focuses on
developing a solid understanding of the current situation to
enable informed decisions, the program implementation stage
focuses on devel oping and refining the specifics of the program,
and the program management and evaluation stage uses an
ongoing and iterative quality improvement approach based on
the evolution of the program. Future strategic planning that
further refines the program will be informed by the knowledge
generated through the program management and evaluation
phase. This study focused primarily on the strategic planning
phase, in which an understanding of the current situation was
developed to ad future program development and
implementation.

A qualitative content analysis approach was used, consistent
with our prior research [24-29]. TikTok has =1 billion active
users. Therefore, an appropriate sampling framework was
identified to reduce the scope of the analytic data set. At the
beginning of the project period, a number generator was used
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to identify 2 random days for each week of data collection. On
these identified days, the top 6 videos, in terms of viewer
engagement, for severa different hashtags were extracted.
TikTok’salgorithm impliesthat the top videosin these hashtags
are the videos young people interact with the most. This video
extraction occurred biweekly for 16 weeks from July to
November 2020 in the United States. To analyze how creators
present information on reproductive health, some popular
hashtags were identified and selected based on the study’s
research questions, a preliminary review of hashtag use, and
alignment with the funding mechanism: #MyBodyMyChoice
(2.2 billion views), #BirthControl (3.5 billion views),
#PeriodProblems (1.4 billion views), #OBGYN (4.0 billion
views), #WomensHealth (5.9 billion views), and #FreeThePill
(1.4 million views). The hashtags #L oveYourself (21.1 billion
views), #CoupleGoals (236.2 billion views), #BestFriend (81.1
billion views), and #Relationship (148.4 billion views) were
studied to analyze how relationships were represented on
TikTok. Although these hashtags may have multiple potential
permutations, the versions that were most viewed were those
used.

Data Analysis

After data collection was completed, the analysis phase was
conducted. As with prior research, a codebook to analyze the
TikTok videos was created using a content analysis framework
[30-33]. Content analysisis aterm used to describe a range of
qualitative or quantitative methodologies. For this project,
conventional content analysis, as defined by Hsieh and Shannon
[31], was used where the coding frame was directly derived
from the text (Multimedia Appendix 1). This approach is used
frequently to compensate for the limited research on a subject
[31]. The code-generation process was based on the adaptation
of Schreier [33] on grounded theory. We began the analysis by
reviewing the extracted TikTok videos. During asecond review
of the TikTok posts, notes were taken on emerging concepts
with a particular focus on concepts that repeated or diverged
between posts, making a note of recurring songs (if music was
used), and the number of likes, views, comments, and shares
on each post, al metrics of viewer engagement. In addition to
the content, the length of the posts, whether said content was
typed or spoken and whether it was part of aduet or challenge,
was also recorded. This framework ensured broad insight into
what users were creating, engaging with, and reproducing. A
draft codebook was developed based on these notes and
discussed among the entire research team to apply shared
perspectives and finalize the codebook based on consensus.
Once the codebook was finalized, it was applied to 5% of the
available TikTok posts. On the basis of this pilot study, the
codebook was revised and implemented to define the codesand
categories. This process continued until the team determined
that the codebook captured and defined the various domains
and theoretical propositions under study and the team agreed
on the applied codes [29,34]. As coding progressed, the team
communicated regularly to discuss coding and resolved any
uncertainties via discussion.

Then, segments were reviewed in relative isolation after the
codes were applied. The segmentation process described by
Schreier [33] was followed. In general, 1 study found that the
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use of video made HIV/AIDS content more engaging and more
emotionally impactful [35]. As TikTok content come in video
form, visual content, whether written or physical, is essential
for avideo's success. However, according to the platform itself,
audio isjust as important if not more. TikTok notes that 88%
of its viewers consider audio vital to the experience and 50%
say that music makes content more engaging and energizing
[36]. It was also found that recall increases by 8 times the
baseline when distinctive sounds are used [36]. The audio,
visual, and written aspects were analyzed separately for each
video. The audio segment was coded by IN, the visual segment
was coded by AB, and the written segment was coded by SPP.
For some codes, patterns and themes were identified in the
content to describe the results qualitatively. For other codes,
categorical variables (eg, primary topic and the sentiment of
comments) were created, allowing the basic characteristics of
the analytic data set to be summarized. The codes used for the
audio aspect of each video involved topic, goal, tone, speed,
duration, perceived gender of the speaker, points of view, the
number of audio sources used, and the type of audio source
used. It must aso be noted that tone is a subjective code.
Although insightful, it depends on the coders' perceptions and
may be considered less reliable for that reason. Similarly, the
speed of speech was also judged comparatively by the coders.
For the visual aspect of each video, things such as the attire of
the user, content type, methods and features used, humber of
people, perceived gender, presence of the user, props used,
TikTok user, and video location. Similarly, for the written aspect
of each video, the number of individual text boxes, text duration,
the color of text, font of the text, goal of the text, caption
content, number of hashtags present in the caption, hashtag

Table 1. Content results (n=90).

Nair et al

content, presence of “for you page” hashtags, and the overall
importance of writing in the video to understand the TikTok
was analyzed. This process alowed us to identify differences
in patterns and themes based on the characteristics of the
conversations in the TikTok videos.

Ethics Approval

This study was approved by Purdue University’s institutional
review board (IRB-2020-803).

Results

A few key aspects comprise every piece of TikTok
content—audio, visual, and written components. The results
demonstrate the most popular ways users incorporate these
essential aspects, as well as how health care professionals and
other health practitioners may best use them to discuss this
content with their patients and community members. In terms
of content (Table 1), there was extensive overlap between
different themes among the reproductive heath hashtags
observed. This caused 10 of the 100 videos to be duplicates.
Most of these (7/100, 70%) came from the hashtag
#WomensHealth. This resulted in 90 videos being coded.
Numerous types of reproductive health topics were shared on
this platform. Almost one-quarter of the videos (22/90, 25%)
discussed relationships, making this the most discussed topic.
The next most common topics were equal in prevalence—nbirth
control and hygienein health, with 15% (13/90) of videosbeing
about them. Many videos were about periods or political
situations (eg, abortion and punishments for sexual assault).
The remaining topics occurred less frequently.

Topic Occurrence, n (%)
Relationships 22 (25)
Birth control 13 (15)
Hygiene and hedlth 13 (15)
Periods 11 (12)
Palitical situations 12 (13)
Birth and pregnancy 4(4)
Sex education 22
Assault and safety 1(1)
Body positivity 1Y
Other 11 (12)

Audio Aspect of Videos

There are several ways in which audio (Table 2) may convey a
specific message on TikTok. Users make many choicesinterms
of audio to better suit the purposes of their TikTok. Of the 90
videos coded, there were some common trends. For example,
popular videos seemed to have only one speaker at atime when
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disseminating reproductive health information. Most videos
(66/90, 73%) came from asingle individual speaking or music
by a femae singer. While the remaining videos may have
multiple audio sources, approximately 99% (89/90) of the videos
included only one perspective—no duets or stitches (ie, methods
of adding to and interacting with a video that has already been
made).
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Table 2. Audio results (n=90).
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Codes and subcodes

Occurrence, n (%)

Type of audio
Just music
Just speaking
Both music and speaking
Perceived speaker or singer
Singular femaleindividual
Both female and male individuals
Multiple female individuas
Singular male individual
Multiple male individuals
Perceived tone
Comedic
Enthusiastic
Angry
Sad
Informative or monotonous
Speed
Fast
Slow
Duration
Whole TikTok
>75% of TikTok
25%-50% of TikTok
Purpose of audio
Tell astory
State an opinion
Informational
Provide additional context or commentary
Participate in atrend
No connection or background
Other
Number of audio sources
1
2
Multiple points of view
Duet or stitch

None

36 (40)
43 (48)
11(12)

62 (68)
17 (19)
6(7)
4(4)
1(1)

32(36)
25 (28)
8(9)
5 (6)
20 (22)

12 (13)
42 (47)

87 (97)
2(2
1(2)

19 (21)
8(9)

13 (14)
14 (16)
11(12)
20 (22)
5(6)

88 (98)
2(2)

1(2)
89 (99)

There is dlightly more variability with the rest of the results.
For example, 48% (43/90) of the collected videos only had
speaking as the audio source while 40% (36/90) only had music.
The remaining 12% (11/90) had both. Of the 54 videos that
contained speaking, there were variationsin tone and speed. Of
the speakers, 47% (42/90) spoke noticeably slower than the
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remaining speakers. The sample of videos analyzed contained
a broad range of topics and used different tones. For example,
36% (32/90) of the coders perceived the videos as comedic and
28% (25/90), as enthusiastic. Some participants (20/90, 22%)
seemed to have no emotion and amoreinformative, monotonous
tone. The remaining videos contained intense emotions such as
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sadness or anger. TikTok creators used audio for many other
purposes. From the data collected, some videos had audio
entirely unconnected to their message (20/90, 22%), while others
were telling a story (19/90, 21%) or stating an opinion (8/90,
9%). Other prominent purposes were to provide information,
following a TikTok trend or using their audio as a supplement
that provided additional context and commentary on what they
were trying to say. Of the videos coded, 6% (5/90) were more
unique to the reproductive health realm, such as debating
specific political issues, and had audios that could not be
characterized as having any of the purposes listed earlier.

Visual Aspect of Videos

The visual content (Table 3) in each of the 90 TikTok videos
was also analyzed and collected to evaluate how influencers
presented reproductive health information to TikTok viewers.
After compiling the data, the types of videos that were
popularized in terms of visua content could be seen. A

Table 3. Visua results (n=90).

Nair et al

prominent featurein all videoswasthe presence of text at some
point. Text was shown in the video 43% (39/90) of the time.
Text was coded if there were visual words on the video.
Captionswere not considered astext. Other codeswith common
trends that displayed popular creator choices were as follows:
the user’s attire, number of people, perceived gender, TikTok
user type, video location, and features used. Looking at the
user's attire, most (75/90, 83%) individuals did not dress in
medical uniforms (eg, scrubs or alaboratory coat). Regarding
the type of TikTok users, 80% (72/90) were general users:
ordinary people who were neither famous nor presenting as
medical professionals. Nearly one-fifth (17/90, 19%) of the
participants were medical professionals. In the videos, it was
common to see only 1 individual present (62/90, 69%).
Regarding video location, more than half (51/90, 57%) were
filmed in what appeared to be a personal residence. No videos
were located in a hospital, and the remaining videos were in
other locations, such as an office or a car.

Codes and subcodes

Occurrence, n (%)

Presence of text
Present
Not present

Attire
Casual
Scrubs
Laboratory coat
Combination
Other

Number of individuals present
1
Other

Type of creator
Generdl
Medical professiona
Celebrity

L ocation
Personal residence
Hospital
Office
Outdoors
Other

39 (43)
51 (57)

48 (53)
13 (15)
1(1)
11
27 (30)

62 (69)
28 (31)

72 (80)
17 (19)
1(2)

51 (57)
0(0)
4(4)
14 (16)
21(23)

Written Aspect of Videos

Another video aspect analyzed was the written content (Table
4) presented. Of the videos analyzed, 41% (37/90) had no
textboxes and the rest had varying numbers of textboxes. The
color and font of the text present in the TikTok content also
varied, with no clear trends. Overall, 27% (24/90) of the videos
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used text asadescription for audio or visuals. Therest used text
for different reasons, such as to reply to comments, to label
visuals, and subtitles, to name afew. Most videos used at |east
1 textbox, caption, or hashtag as a secondary form of
communication after visual and audio, and over half of the
videos used textboxes, where their primary use wasto describe
the audio or visuasin the video. Captions were another way to
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present information. Captions were used to further describe the
video content in 48% (44/90) of videos. An additional 26%
(23/90) of captions presented information on health-related
topics such as abortion, birth control, friendship, menstruation,
relationship with self, romantic relationship, sex, and other
health content. Moreover, 8% (7/90) of the captions presented
hashtags only, while the rest had completely unrelated captions
that served the purpose of giving credit to trend creators or
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asking their viewersto interact. Hashtags were present in nearly
all (83/90, 92%) of the videos, with most (66/90, 73%)
containing =5 hashtags. In 28% (23/90) of the videos, video
creators used hashtags that were directly related to their video
content. In 57% (51/90) of the videos, the videos contained
hashtags that were both related and unrelated to the content. In
addition, less than half of the hashtags in the captions were
“#ForYouPage,” “#ForYou,” or “#FYP”
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Table 4. Written results (n=90).

Nair et al

Codes and Subcodes Occurrence, n (%)
Textboxes present
No textboxes 37 (41)
1-4 textboxes 25 (28)
>5 textboxes 28 (31)
Color and font
Black or white font 31 (34)
Colored font 22 (24)
Both black or white font and colored font 7(8)
Default font 48 (53)
Multiple fonts 303
Typewriter font 1(1)
Purpose of text
Reply to comments 2(2)
Subtitles 6(7)
Description for audio or visuals 24 (27)
Clarify myths 2(2)
Give persona advice 2(2)
Label visuals 4(4)
Provide information 10 (11)
Purpose of captions
Describe content further 44 (48)
Ask viewers to interact 4(4)
Give credit to creator of trend 1(1)
Present information unrelation to health content 11(12)
Hashtags only 7(8)
Present information related to health topics 23(26)
Hashtags present
Present 83(92)
Not present 7(8)
Number of hashtags
>5 66 (73)
<5 24 (27)
Relation of hashtags to reproductive health content
Hashtags related to one topic addressed in video 23(28)
Hashtags related to multiple topics addressed in video 23 (26)
Hashtags both related and unrelated to content 51 (57)

Discussion

Principal Findings
This study aimed to better understand the distinct components

of content that TikTok users incorporate to create reproductive
health-related information and share their experiences on this
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socia media platform. The results demonstrate that there were
some key aspects of videos that appeared to contribute to
success. Although the number or style of the textboxes seems
insignificant, audio appears to be essential for success. In
addition, having some kind of tone or emotion likely increases
engagement, and general content creators seem to connect better
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and have more reach with the public than a health care provider
does.

Several reproductive health topics were discussed by users.
Although somevideosdid not fall under any of these categories,
the most popular subjects, in order of decreasing popularity,
were relationships, birth control, hygiene and health, political
situations (eg, abortion and punishments for sexual assault),
periods, birth and pregnancy, education on sexual intercourse,
assault and safety, body positivity. This suggests that these are
the topics viewers are most curious about and the areas health
care providers and other health practitioners might want to
address when educating their patients and communities.

We assessed the role of audio, visual, and written approaches
in the sharing of reproductive health-related information. In
doing so, we found many commonalities among the most viewed
videos. The common trends observed within the audio choices
suggest a potentia correlation between the way audio is used
in TikTok and the video reach. Platforms such as Twitter,
Instagram, and Facebook allow videoswith audio but al so often
rely on pictures with no audio [10]. The fact that all videos on
TikTok had some form of audio implies that audio may be
essential to any TikTok’s success—something any user,
including health experts, should remember when trying to use
the platform to reach young people. In addition, most TikTok
content had only 1 speaker, if any. They also mostly came from
one perspective, with no stitches or duets. Although other videos
across the platform commonly used the feature that allows you
to add another video as a form of reply to continue a
conversation, not one of the reproductive health videos we
studied did so. This may be due to the sensitivity of some of
the subjects, aswell asthelack of universal knowledge on them.
Popular videos used only one audio source at atime, such asa
song or spoken content rather than both together, suggesting
that more than one source may be too much of a distraction
when trying to process the content in a meaningful manner.

Most videos appeared to have some kind of tone, such as anger,
sadness, or excitement. They also had slower-paced spoken
words. Thisis probably atactic to connect with viewers more
easily, and it seemsto be something to which they respond well.
Slower speech may be easier to understand and process, getting
the message across more efficiently, but slow speech in
conjunction with amonotonoustonewould likely bore audiences
who care more about what creators have to say when it
emotionally impacts them. In fact, according to a study
conducted by Holub [37] on the effects of intonation, it was
found that monotony has a negative impact on audience
comprehension. However, some TikTok content is purely
informational. Although it might not make sensefor those videos
to use tone in an emotional manner, an enthusiastic tone or the
inclusion of upbeat music and dancing goes a long way to
making the video noticeable and therefore allowing it to deliver
information to viewers.

Analyzing the visual content showed that content creators who
wear casual clothing, film in a persona residence, and come
off asgeneral content creators rather than health care providers
reach more TikTok users about reproductive health. It ispossible
that viewers find this information more credible when it comes
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from someone they can relateto and find theseinformal settings
more comfortable. These factors are all things that providers
can consider when creating an appealing environment to spread
information in their videos.

Following Comp et al [10], we found that the written aspects
of TikTok videos were used to either supplement audio and
visual information or to guide viewers to audio and visua
information rather than to serve as the primary form of
communicating information to viewers during the COVID-19
pandemic. We found that the number or style of textboxes used
in each video had no apparent pattern. The primary purpose of
the captions was to guide the viewer and provide additional
information. Overall, although written content seemed to be a
popular tool to enhancethe video and provide elaboration, video
creators did not have a specific way to present written content.

Hashtags served an overall greater purpose in comparison with
textboxes and captions. They connected viewers to a video so
that they could learn about women'’s reproductive and sexual
health through the video's primary forms of communication:
audio and visua content. Furthermore, many of the findings of
Zappavigna [38] and the conclusions of Herrman [39] on the
use of hashtagswere echoed in this study, where hashtags served
aclassificatory function, providing away for viewersto identify
content based on a specific topic, as opposed to presenting
additional information on the content as captions did. Hashtags
also allowed creators to connect themselves and their content
to other TikTok creators and viewers who may share similar
stories, content, or opinions on reproductive and sexual health.
The use of multiple hashtags for one video led to some overlap
in data collection. The occurrence of humerous hashtags could
have been related to the creator's desire to increase the
searchability of their content and increase their range of
audience, which should be considered by experts and educators
when creating videos and looking to increase reach.

Limitations

Although this study provides insight into how information on
reproductive health is shared on TikTok, it hasits limitations.
As discussed earlier, one of the things that makes studying
TikTok so important isthat it is constantly changing; therefore,
some new aspects cannot be encompassed in this research. For
example, when data collection began, the longest a TikTok
video could be was 1 minute. Since then, an update to the app
hasincreased the amount of time avideo can run from 1 minute
to 3 minutes. Thus, our research cannot examine how this
change affects what are now the most popular videos under
these hashtags. This could have a huge impact on popular
creative choices and is an aspect we could not explore. There
may be other similar changes that were not anticipated that
continue to affect popular trends. Some of these codes are al'so
quite subjective, such as the speed, tone, and perceived gender
of the speaker, which depend on the coder's perspective.
Although these are vital aspects of each video that should be
examined, the reliability of our study was affected by the lack
of intercoding in each segment, a change that will be made for
future studies.

Thisstudy and future studies could benefit from alarger sample
size with data collected over a longer period. The level of
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overlap in our data decreased the number of videos analyzed.
Although this says a lot about the popularity of certain visua
or audio aspects of these videos, there was not necessarily
enough material to explore things that varied more, such as
written content, to the extent it could have been. Further analysis
of alarger video sampling can provide more insight into the
written content trends and provide more validity to the study.

Degspite these limitations, this project is vital because it sheds
light on how reproductive health information is shared among
young people on a major social media platform. It focuses on
exactly how reproductive health information is shared on
TikTok, showing the great variety of topics shared but also how
there are so many similaritiesin how that information is shared.
Many trendswereidentified that can guide health care providers
and other health practitioners to build a toolkit to better
disseminate their information to alarger audience.

Implications

TikTok is an expanding digital app that continuously engages
more young adult users every day. It is a platform in which
many content creators have access to different formatting tools
to captivate viewers by spreading information regarding
reproductive and sexual health topics. Inthe age of social media,
TikTok is atool to spread information that many people have
already been engaging with. Even before TikTok emerged, there
have been studies examining the impact of social mediaand its
effect on the medical field.

One specific study by Omurtag and Turek [40] discussed how
to provide guidance for reproductive health professionals and
how to use social mediato effectively disseminate information,
specifically oninfertility and in vitro fertilization. A key aspect
they found that makes social media appealing to individualsis
anonymity—individual s who engage on these platforms do not
have to include any contact information, allowing for privacy
[40Q]. Although both studies promote the use of social media by
medical professionals, our study goes into depth specifically
on what topics users interact with and how they view them,
providing insight that medical professionals can use to make
videosthat are both meaningful and accessibleto young adults.
Our study was able to summarize the common aspects of videos
that were appealing, such ashaving acasual setting and acreator
perceived to be a woman as the main messenger. Relatability
was key, and videos with these features overall showed ahigher
chance of being viewed.

The videos analyzed had specific hashtags related to
reproductive  headlth, including #MyBodyMyChoice,
#BirthControl, #PeriodProblems, #OBGY N, #WomensHealth,
and #FreethePill. Many of these topics deal with individuals
personal stories or experiences. It is important to see what the
usersare drawn to understand how to best reach them regarding
important information about women's reproductive health.
Future research could examine each specific hashtag. Individuals
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may respond uniquely to the content within each hashtag and
its associated topics or create content using a specific
methodology. The study by Li et a [18] found that for
COVID-19 pandemic content, dancing videos were favored
significantly more than any other method when presenting the
information. This was not the case in our study (7/90, 7%),
likely because our content did not include all COVID-19
pandemic content but rather reproductive health content shared
at the height of the pandemic. Our study did, however, have
similar findings on what other features users seem to engage
with most. These interesting features included captions,
hashtags, humorous tones, primarily visible human subjects,
and some background audio. The features common to both
studies allow a greater understanding of the information
provided in the video and contribute to theincreased engagement
of users. The data collected in our study provide new
information on what individual s engage with the most to guide
health practitionersin creating impactful and viewable content.
Wefound that some kind of tone, humorous or not, was hel pful,
and popular women’'s health-themed hashtags were a major
way to ensure a larger audience. Looking further at a specific
topic in women’s health might allow deeper insight into what
viewers engage best within each topic and allow professionals
to provide meaningful information. Another area of research
related to this is examining the methods of each video after
observing the number of shares, likes, and comments.

Conclusions

This study sought to understand how young people shared
reproductive health information on TikTok, which was captured
during the COVID-19 pandemic. Most videos presented content
that was either helpful or relatable to the viewer. In addition,
videosin which asingleindividual was dressed informally and
videosthat used audio for the entire duration were viewed more
often. The written aspect of the videos was supplemental to the
visual and audio content. If health care professionals present
content in this way, young people will continue to be open and
willing to learn about women's reproductive and sexual health
on social media platforms such as TikTok.

TikTok is a continuously growing platform. Currently, we are
in the age of social media and many young people share and
receive information, including information related to
reproductive health. Health care professionals and other health
practitioners have an opportunity to provide reproductive health
information through social media, especially through TikTok.
Because of this study, a guideline on how to make the most
meaningful and engaging videos can be created. These
guidelinesmay includethe use of captions, hashtags, ahumorous
tone, aprimarily visible female creator, and background audio.
By following these guidelines, creators can develop and share
videos that are meaningful and engaging to TikTok users
worldwide.
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Codes and subcodes determined for audio, visual, and written codebooks used to analyze video creation choices of TikTok users
discussing reproductive and sexual health.
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Abstract

Background: South Asians, inclusive of individuals originating in India, Pakistan, Maldives, Bangladesh, Sri Lanka, Bhutan,
and Nepal, comprise the largest diaspora in the world, with large South Asian communities residing in the Caribbean, Africa,
Europe, and elsewhere. Thereis evidence that South Asian communities have disproportionately experienced COVID-19 infections
and mortality. WhatsApp, afree messaging app, iswidely used in transnational communication within the South Asian diaspora.
Limited studies exist on COV1D-19-related misinformation specific to the South Asian community on WhatsApp. Understanding
communication on WhatsApp may improve public health messaging to address COVID-19 disparities among South Asian
communities worldwide.

Objective: Wedeveloped the COV I D-19-Associated misinfoRmation On M essaging apps (CAROM) study to identify messages
containing misinformation about COV1D-19 shared via WhatsApp.

Methods: We collected messages forwarded globally through WhatsA pp from self-identified South Asian community members
between March 23 and June 3, 2021. We excluded messages that were in languages other than English, did not contain
misinformation, or were not relevant to COVID-19. We deidentified each message and coded them for one or more content
categories, mediatypes (eg, video, image, text, web link, or acombination of these elements), and tone (eg, fearful, well intentioned,
or pleading). We then performed a qualitative content analysis to arrive at key themes of COVID-19 misinformation.

Results: We received 108 messages; 55 messages met the inclusion criteria for the final analytic sample; 32 (58%) contained
text, 15 (27%) contained images, and 13 (24%) contained video. Content analysis revealed the following themes: “community
transmission” relating to misinformation on how COV1D-19 spreads in the community; “prevention” and “treatment,” including
Ayurvedic and traditional remedies for how to prevent or treat COV1D-19 infection; and messaging attempting to sell “ products
or services’ to prevent or cure COVID-19. Messages varied in audience from the general public to South Asians specifically; the
latter included messages alluding to South Asian pride and solidarity. Scientific jargon and references to major organizations and
leaders in health care were included to provide credibility. Messages with a pleading tone encouraged users to forward them to
friends or family.
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Conclusions. Misinformation inthe South Asian community on WhatsA pp spreads erroneousideas regarding disease transmission,
prevention, and treatment. Content evoking solidarity, “trustworthy” sources, and encouragement to forward messages may
increase the spread of misinformation. Public health outlets and social media companies must actively combat misinformation
to address health disparities among the South Asian diaspora during the COVID-19 pandemic and in future public health

emergencies.

(JMIR Infodemiology 2023;3:€38607) doi:10.2196/38607

KEYWORDS

misinformation; COVID-19; South Asians; disparities; social media; infodemiology; WhatsA pp; messages; apps; health information;
reliability; communication; Asian; English; community; health; organization; public health; pandemic

Introduction

Misinformation, or false and inaccurate information, isamajor
public health challenge during the COVID-19 pandemic. The
World Hedth Organization has identified COVID-19
information as an “infodemic’—an overabundance of
COVID-19—elated information, including deliberate attempts
to foment misinformation [1]. Many formal definitions of
misinformation exist [2-4]; misinformation is sometimes
distinguished from disinformation (ie, false information with
intent to harm) and malinformation (ie, facts used out of context
with intent to harm). For the purpose of this paper, we use the
term “misinformation” as an umbrella term to comprise false
information, where the intent is not apparent [5]. Social media
is an important channel of distribution of COVID-19
misinformation; false news diffuses more quickly than truth
[6], and low-credibility web sources are shared morefrequently
than any single high-credibility news source on Facebook or
Twitter [7].

The South Asian diaspora, defined as communitieswith origins
from Bangladesh, Bhutan, India, Maldives, Nepal, Pakistan,
and Sri Lanka [8], is highly active on socia media platforms.
One common platform isWhatsApp. Unlike public social media
platforms, such as Facebook, Twitter, and Instagram, WhatsApp
is a private messaging platform alowing users to send
information through text, photos, and videos to one person
directly or in groups of up to 1023 individuals. Almost 400
million Asian Indians use WhatsApp, comprising the greatest
number of platform users worldwide [9]. WhatsApp messages
are readily forwarded with limited capacity to determine the
original author or provide factual checks, enabling
misinformation to spread easily.

Misinformation isharmful for public health. For example, myths
circulating about various remedies, such as highly concentrated
alcohol, ingested sanitizer, or Datura seeds|led to cases of illness,
blindness, and death [10]. Belief in COVID-19 vaccine
conspiracy theories is associated with vaccine hesitancy [11].
Areaswith higher exposure to news mediadenying COVID-19
severity are associated with greater COVID-19 case rates and
deaths [12]. Given that misinformation related to COVID-19
may drive COVID-19 morbidity and mortality, understanding
the ways COVID-19 misinformation spreads within specific
communities is paramount. This is concerning given the
disproportionate burden of COVID-19infection, hospitalization
[13], and death experienced by South Asians globally [14].

https://infodemiol ogy.jmir.org/2023/1/e38607

Understanding culturally specific misinformation may inform
policy-making and targeted public health messaging efforts. As
part of the COVID-19-Associated misinfoRmation On
Messaging apps (CAROM.) study, we anayzed COVID-19
misinformation circulated within the South Asian diasporavia
WhatsA pp.

Methods

Procedure

Individuals who self-identified as members of the South Asian
community older than 18 years of age anywhere globally were
eligible for inclusion in the study. We specifically chose
WhatsApp for sampling due to its significance as one of the
most widely used messaging programs among the South Asian
Diaspora[9]; it is therefore widely recognized and familiar in
the South Asian community. We recruited participants via
English-language outreach on Twitter, Facebook, and WhatsApp
using web-based flyers with a QR code, hashtags, direct
messages to community leaders, blog posts[15], and emailsto
South Asian organizations. We named the study after abeloved
gamethat is familiar across the diaspora (Figure 1); additional
recruitment materials are available in Multimedia Appendix 1.

We asked individuals who self-identified as members of the
South Asian or Des community to forward deidentified
screenshots of WhatsApp messages containing what they
perceived to be “misinformation or rumors’ related to
COVID-19 to an officia study phone number. This alowed us
to receive messages being transmitted or forwarded within
WhatsApp without any personal or identifiable information
included. We chose this method to allow individual WhatsApp
users to share what was being transmitted in their private feeds
in a deidentified manner, as a means to access traditionally
closed communications in a way that protected the privacy of
individual users. We requested WhatsApp messages with
potential COVID-19 misinformation to be forwarded to an
official study phone number. The research team advertised the
study starting March 23, 2021, and collected messages until
June 3, 2021. The team deidentified screenshotsand mediafiles
if they were not already deidentified by the study participant.
Study team members reviewed each message content to
determine if inclusion criteria were met. Specifically, they
assessed the relevance to COVID-19 and whether or not the
information in the message was factual based on the team’s
medical and scientific knowledge as well as web-based
fact-checking when appropriate. Messages not in English;
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received after June 3, 2021; not relevant to COVID-19; or not
containing misinformation were excluded.

Theteam devel oped an abstraction form to identify mediaformat
(eg, written text, picture, video, URL, or acombination of these
formats), country or location mentioned, content category, and
tonein REDCap (Research Electronic Data Capture; Vanderbilt

Sharmaet al

University; Multimedia Appendix 2). Two team members (KK
and KP) abstracted the messages and conducted open coding,
using content analysis of messages and categorizing messages
into thematic groups of specific “content types’ of COVID-19
misinformation. The entire research team cross-checked coding
and the thematic analysis until the team arrived at consensus.

Figure1l. COVID-19-Associated misinfoRmation On Messaging apps (CAROM) Study web-based recruitment flyer.
Covid Associated misinfoRmation On Messaging apps Study

CeA-ReOcoMoe

~GLOBAL STUDY~
Are you South Asian and are over 187 If

you have seen misinformation or rumors
related to Covid-19 on your Whatsapp or
Signal, please forward these messages to
the UCSF CAROM study number: (+1)-415-
409-2085. This is a worldwide study that
will help us promote accurate public
health information! Personal information
will be removed prior to analysis. Thank

Ethics Approval

This study was approved by the Internal Review Board of
University of California, San Francisco (20-32758).

Results

We collected 108 messages, deduplicated to 96, of which 55
messages met the inclusion criteria. Message formats included
plaintext, images, and videos, or acombination of these formats
(Table 1). Indiawas most commonly mentioned (21/55, 38%);
followed by China (7/55, 13%), the United States (4/55, 7%),
and Italy (3/55, 5%).

The content fit into one or more of the following thematic
categories: (1) community transmission, (2) prevention, (3)
treatment, and (4) products (Table 2). “Community
transmission” messagesincluded conspiracy theories about the
originsand spread of COVID-19; one example described India's
second wave as suspicious following rising political tensions
with China. Many “prevention” messages proposed ways to
prevent coronavirus infection through home-based strategies,
such asinhaling steam, eating abananaevery day, or consuming
alkaline foods. Messages about “treatment” offered
self-treatments for COVID-19, such as drinking “ ateaspoon of
pepper powder, two teaspoons of honey, and ginger juice”
Lastly, messages about “products’ publicized commercial
treatments or cures for COVID-19, such as a nasal spray
purported to offer protection from SARS-CoV-2.

Messages ranged from containing “universal” misinformation
addressed to the general public to “South Asian—specific’

https://infodemiol ogy.jmir.org/2023/1/€38607
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content containing cultural references. One universal message
was a video of an alleged Irish scientist describing purported
mortality risk with messenger RNA vaccines. In comparison,
a South Asian—specific reference discussed traditional natural
remedies, such as Ayurveda and homeopathy. A few messages
appealed to ethnic or national pride, with statements such as
“we Indians are built to last” or “proud to be an Indian.”

Some messages contained information that was entirely false;
for example, one image claiming to be published by UNICEF
(United Nations International Children's Emergency Fund)
stated that the coronavirus will be killed if it is exposed to a
temperature of 26-27 °C, and therefore, encouraged drinking
hot water and increasing sun exposure. However, other messages
shared a mixture of true and false information. One message
combined evidence-based recommendations for preventing
COVID-19 infection, such as socia distancing and wearing a
face mask, while al so encouraging behaviors without evidence,
such as eating vegetarian food and removing belts and rings.

Message tone included fear- or panic-based encouragement to
share purportedly useful information and pseudoscientific
expertise. Pseudoscientific messages contained scientific jargon
unfamiliar to anonscientific audience, such as* anticoagul ants”
and “ground-glass opacities,” in combination with references
to reputable organizations, such as the World Health
Organization and the Indian Council on Medical Research, as
wdl asindividual experts, such asdoctorsand scientists. A third
of messages (18%-33%) used a pleading or encouraging tone
to promote dissemination, asking recipients to “share with all
your family and friends’ or “send to all your groups.”
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Table 1. Summary characteristics of the sample (N=55).

Sharmaet al

Characteristics

Values, n (%)

M essage format

Text only
Image only
Video only
Link

Other

Countries mentioned

India
China
United States
Italy

Japan
Australia
Bangladesh
Bhutan
Ireland
Nepal
Pakistan
Spain

Sri Lanka
Switzerland

Taiwan

Tone

Good intentions
Pleading or call to action
Warning or fear-based
Blame

Other

32 (58)
15 (27)
13 (24)
6 (11)
1(2

21(39)
7(13)
4(7)
35
2(4
1(2)
1(2
1(2)
1(2
1(2)
1(2
1(2)
1(2
1(2)
1(2

27 (50)
18 (33)
10 (18)
4(7)

6 (15)
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Table 2. Main thematic domains of misinformation.

Sharmaet al

Level Domains Subthemes Definition Examples
Individual
Preventionordiagno-  Self-diagnosisand self-reme-  Content had to do with preventing . ’7
sis dies COVID-19 disease, exposureto Sars- ]
CoV-2, and screening for COVID-19.
(]
Treatment Ayurveda, homeopathy, or Content promoting nonevidence- .
natura remedies based meansto treat or cure COVID- [x]
19
Products or services For-saledevicesor productsmarketed  «
to reduce risk, prevent, or treat [x]
COVID-19 infection
[x]
Population
Community transmiss  Conspiracy theories Content explains how and why .
sion COVID-19 s spreading at the local ]
or international level
Cultural pride Speaking to positive or robust aspects  «
of South Asian identity, value of ]
South Asian attributes, or direct con-
tributions to efforts to fight COVID-
19
Discussion which may have killed more than 3 million people [20]. South

Principal Findings

We found misinformation circulating through South Asian
networksislargely aimed at providing alternative explanations
for the etiology and spread as well as alternative treatment and
prevention methods for COVID-19.

The South Asian diaspora comprises the largest diaspora
population in the world [16], with high social media use, and
transnational communication via messaging means that
misinformation can have global reach almost instantaneously.
Our analysis adds to the literature by providing a window into
the nature of these closed group conversations. A prior narrative
review of misinformation across Asian American communities
[17] and a study of Twitter misinformation in Hindi [18] both
highlighted religious-based content, including Islamophobic
messaging, as the major thematic finding for South Asians. We
instead found afocus on understanding, preventing, and treating
the spread of the virus using alternative or Ayurvedic methods.
Our study isthefirst to our knowledge to assessthistopic within
the broader global South Asian diaspora.

COVID-19 misinformation, disinformation, and malinformation
have persisted due to a perfect storm of evolving uncertainty of
the disease, malintent of actors pushing political or business
interests, and the well-meaning intentions of community
members who may have low health or medialiteracy [19]. The
South Asian community has experienced a disproportionate
burden of COVID-19 with less media attention, particularly
extensive collective trauma after the 2021 Delta variant surge,

https://infodemiol ogy.jmir.org/2023/1/e38607

RenderX

Asian audiences may thus be particularly receptive to promoting
messages that provide a sense of clarity, trustworthiness, and
personal control in an uncertain time.

Misinformation circulates more readily among homogenous
groups or “echo chambers’ [21], and misinformation with
culturally specific language to promote “in-group identity” may
receive higher engagement [22,23]. Messages broadcasting
cultural pride may therefore be more readily amplified within
relatively insular groups of South Asian users. Messages
included “name checks’ and logos of reputable organizations
or individuals, enhancing trust [24]. Factual information was
blended with false statements, mimicking credibility. Lastly,
participants were often exhorted to share messages with others,
encouraging the spread of misinformation under the
well-meaning intention of promoting community safety.

The closed, trusted groupsin WhatsApp and similar platforms,
such as Viper, Weibo, and Signal, may actualy foment
misinformation [25,26]. WhatsApp currently puts the burden
on individual users to stop its spread [27]. In epidemiological
modeling, limits on the number of message forwards slowsthe
spread of misinformation but does not ultimately stop the spread
of viral content [28]. Clear countermessaging to identify and
correct misinformation can be effective [29]. when promoted
across a multitude of platforms; however, more research is
needed to identify how to best countermessage
COVID-19—elated misinformation without causing unintended
backfire [30,31]. Social media corporations must do more to
monitor, detect, and possibly delete or flag dangerous
misinformation. Fact-checking organizations can also perform
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this role and circulate countermessaging [32,33]. South
Asian—specific, culturally literate public health experts and
community organizations should collaborate with Fact-checking
organizations to create and disseminate countermessaging.

Given the complexity of misinformation, multiple counteracting
strategies beyond countermessaging will be needed. This will
include the use of machine learning to flag or identify
misinformation more easily, policy changes to increase legal
accountability for harmful misinformation, and heightened
scrutiny and investigation of organizations and web-based
influencers who are frequent sources or spreaders of
misinformation [30].

These web-based myths can have very real consequences. The
spread of culturally specific misinformation may lead to unsafe
health behaviors [34] and contribute to preventable burdens of
COVID-19 among South Asian communities [35,36]. Given
thevast diversity of ethnic groupsincluded by theterm “Asian,”
more funding and research to promote disaggregated data
collection and analysis (eg, for specific East Asian, South Asian,
Southeast Asian, and other groups) [37] is greatly needed to
understand and hopefully counteract culturaly specific
misinformation regarding COV1D-19 and future pandemics.

Strengths and Limitations

Study strengths include a transnational sample and focus on a
socia mediaplatform not publicly visiblefor analysis. Wewere,
however, unable to collect demographic information about
original message senders or the recipients who forwarded the
messages. We relied on participantsto self-identify asmembers
of the South Asian diaspora; participants may have had varying
definitions of this identity. Our focus on English-language
messages likely limited the content of the final sample, given
the linguistic diversity of the South Asian diaspora. Our study
focused on adult participants who could give informed consent;
therefore, our analytic sample may not be generalizable for
COVID-19 misinformation disseminated among children and
adolescents. We could not gauge whether specific messages
were shared with intent to harm, as with disinformation or
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malinformation, for purposes of “collective fact-checking” [39],
or shared because they were genuinely believed. As our data
collection relied on usersidentifying potential misinformation,
our team may have not received the misinformation that users
viewed in their WhatsApp feed but believed to be true. A
potential limitation of our methodsisthat although theindividual
participant consented to share anonymous content from their
WhatsApp, there were no means to obtain permission for
analysis from the original poster or others who had forwarded
the message. We ensured both the individual participant and
any other WhatsApp users had zero identifiable information
collected. Moreover, WhatsApp does not have any way to
identify original posters, nor prior forwarders, of a specific
message. Although our ethical approach wasto maximize public
health benefit and avoid any individual harm, interdisciplinary
gold standards for social media research are still needed [39].
Given that messages were sent on a voluntary basis from
individuals who chose to participate, this research cannot be
viewed asa systematic analysis of misinformation shared across
the South Asian diaspora on private messaging platforms. The
sample should be considered hypothesis generating; larger
samples may provide greater insights into messaging among
the global South Asian diaspora.

Conclusions

We found that COVID-19—elated misinformation from
WhatsA pp messages within the South Asian diasporarelate to
four themes: transmission, prevention, treatment, and product
or service promotion. Tacticsto enhance credibility and spread
of messages included use of jargon, blending of true and false
information, mention of reputable organizations and expert
credentials, and references to ethnic pride. Encouragement to
share misinformation messages among persona networks makes
it urgent to find ways to interrupt misinformation in real time
so as not to exacerbate COVID-19 disparities. Novel public
health strategies, including culturally specific fact-checking,
will be needed to counteract misinformation among the South
Asian diaspora.
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Abstract

Background: Aninfodemicisexcessinformation, including false or misleading information, that spreadsin digital and physical
environments during a public health emergency. The COVID-19 pandemic has been accompanied by an unprecedented global
infodemic that has led to confusion about the benefits of medical and public health interventions, with substantial impact on
risk-taking and health-seeking behaviors, eroding trust in health authorities and compromising the effectiveness of public health
responses and policies. Standardized measures are needed to quantify the harmful impacts of the infodemic in a systematic and
methodologically robust manner, as well as harmonizing highly divergent approaches currently explored for this purpose. This
can serve as afoundation for a systematic, evidence-based approach to monitoring, identifying, and mitigating future infodemic
harmsin emergency preparedness and prevention.

Objective: In this paper, we summarize the Fifth World Health Organization (WHO) Infodemic Management Conference
structure, proceedings, outcomes, and proposed actions seeking to identify the interdisciplinary approaches and frameworks
needed to enable the measurement of the burden of infodemics.

Methods: Aniterative human-centered design (HCD) approach and concept mapping were used to facilitate focused discussions
and allow for the generation of actionable outcomes and recommendations. The discussionsincluded 86 participants representing
diverse scientific disciplines and health authorities from 28 countries across all WHO regions, along with observers from civil
society and global public health-implementing partners. A thematic map capturing the concepts matching the key contributing
factors to the public health burden of infodemics was used throughout the conference to frame and contextualize discussions.
Five key areas for immediate action were identified.

Results: The5 key areasfor the devel opment of metricsto assess the burden of infodemics and associated interventionsincluded
(1) developing standardized definitions and ensuring the adoption thereof; (2) improving the map of concepts influencing the
burden of infodemics; (3) conducting areview of evidence, tools, and data sources; (4) setting up atechnical working group; and
(5) addressing immediate priorities for postpandemic recovery and resilience building. The summary report consolidated group
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input toward a common vocabulary with standardized terms, concepts, study designs, measures, and tools to estimate the burden
of infodemics and the effectiveness of infodemic management interventions.

Conclusions. Standardizing measurement isthe basisfor documenting the burden of infodemics on health systemsand popul ation
health during emergencies. Investment is needed into the development of practical, affordable, evidence-based, and systematic
methods that are legally and ethically balanced for monitoring infodemics; generating diagnostics, infodemic insights, and
recommendations; and developing interventions, action-oriented guidance, policies, support options, mechanisms, and tools for

infodemic managers and emergency program managers.

(IMIR Infodemiology 2023;3:e44207) doi:10.2196/44207
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COVID-19; infodemic; burden of infodemic; infodemic management; infodemic metrics, World Health Organization; technical
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Introduction

TheChallengeThat | nfodemicsPoseto Health System
Response in Emergencies

Aninfodemicisexcessinformation of varying quality, including
fal se/midleading information or ambiguousinformation or both,
that spreadsin digital and physical environments during ahealth
emergency [1,2]. Infodemics are more complex than just the
amplification and spread of mis- and disinformation; they spread
across a wider information landscape where population
guestions, concerns, and information voids can lead to
misinformation growth and spread, particularly in societies
undergoing digital transformation. The COVID-19 pandemic
has been accompanied by an unprecedented global infodemic
that hasled to confusion about the benefits of medical and public
health interventions, with substantial impact on risk-taking and
health-seeking behaviors, eroding trust in health authorities and
compromising the effectiveness of public health responses and
policies[3].

There are several key concepts that are integral to discussing
infodemics and how they link to health authority responses,
including the online information environment; the channels,
formats, and quality of health information people are exposed
to; individual-level literacy; the psychology of emergencies;
and the multifaceted aspects of trust and how they influence
perception and behavior in health. Many of these areas have
bodies of research and literature and measures associated with
them in specific fields of study, such as psychology, governance
and policy, and digital user experience, but they are usually not
connected in a systematic, causal way that is applicable to how
health systems act in emergencies.

The Information Environment and Accessing Health
Information

As the world becomes more digitized, the digital information
environment increasingly influences social dynamics between
people and across communities, influencing health decisions
and behaviors[4-6]. The accessibility and availability of health
information, the algorithms of socia media platforms, the
architecture of online communities and news channels, and
format all impact how individuals receive and act on health
information [4,6]. Creating and updating credible, accurate
health information for dissemination to different audiencesis
within the purview of health authorities and tends to be

https://infodemiol ogy.jmir.org/2023/1/e44207

formalized in policies for health care delivery and in public
health matters, especially in emergencies [7]. However, health
information is often shared through unofficial and unregulated
channels and made available in awider variety of formats and
for channels not typically used by the health system or for
communication of public heath guidance, creating a gap
between which communities have accessto official and credible
information and those that do not [8]. For example, TikTok and
closed messaging networks, such as WhatsApp and Telegram,
have increasingly been used to share health information and
misinformation [9].

Literacies Related to Health, I nfodemics, and
Emergencies

Simply having access to health information is insufficient for
instigating positive behavior change [10]. Health, digital, media,
science, information, and influence literacies all play arole at
theindividual level, mediating between the availability of health
information and the individual ability to process, understand,
and act on it [11]. However, in emergencies, people seek,
process, and act on information differently, looking for
information to protect themselves and their families, even though
information may be scarce, and looking for aternate sources of
information, while tending to believe the first thing they hear.
There are exampl esrelated to noncommunicabl e diseases, such
as tobacco cessation campaigns, that aim to address health
literacy gaps and counter harm from misinformation [12].
Teaching critical thinking skills to individuals to be able to
identify and rebut health misinformation can broadly inoculate
against specific misinformation narratives and is one promising
intervention for building resilient individual s and communities
against misinformation. Therefore, building skillsand resilience
against misinformation and other infodemic harms and
improving the use of health information during times of calm
are not sufficient alone to help people during emergencies,
where traditional health communications pathways, such as
communicating with a primary health care provider, may have
been interrupted.

Building Trust to Prevent Erosion During Emergencies

Building trust in health authoritiesis critical before emergencies
strike, because infodemics can quickly erode trust, especialy
when thereislow trust at baseline. Trust contributes toward the
willingness to accept and adopt necessary measures and can be
the deciding factor in terms of how successful the
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implementation of a sound public health strategy will be—for
example, in the context of implementing public health and social
measures to control a disease as part of containment strategies.
Trust can be eroded by what the public may perceive as
conflicting guidance and mixed messages, information released
late, multiple experts with divergent opinions, paternalism, and
political infighting [13]. Infodemics can further add friction by
promoting misinformation and more destructive forms, such as
disinformation or conspiracy theories; not addressing people’s
guestions and concerns in a timely manner; or leaving people
struggling to access accurate, credible, and up-to-date health
information [14].

Why Measurethe Burden and Cost of I nfodemics?

Due to the multifaceted nature of infodemics affecting
individuals, communities, societies, economies, and health
systems during emergencies, it can be difficult to know how to
prepare for infodemics, determine when and whereto intervene,
and understand how to more effectively reduce harm to
population health. Globally applicableinfodemic measurements
and metrics are needed. The true cost of infodemics has not
been robustly measured but has been anecdotally reported, with
impacts such as stigma, violence against health workers,
overdoses of nonrecommended treatments or stockouts, refusal
by individuals or communitiesto wear masks or get vaccinated,
and frivolous lawsuits against health systems and health care
workers [15]. One academic brief suggested that COVID-19
misinformation cost US $50-$300 million a day at the height
of the pandemic in the United States[16]. Without measures or
costing, it is difficult to develop effective interventions and
advocate for supportive policies. More innovation in how
measurements and metrics are developed is needed due to the
multilevel nature of the phenomenon and the sheer diversity of
disciplines and in-depth expertise required to measure or
estimate different aspects of infodemics.

Spurring the Development of Metricsto Measurethe
Burden of Infodemicsand I nterventionsasPart of the
WHO Public Health Research Agenda on

I nfodemiology

Since the beginning of the COVID-19 pandemic, the World
Health Organization (WHO) has expanded the concept of
infodemiol ogy beyond the use of data produced and consumed
on theweb to inform public health officials, agencies, and policy
into a multidisciplinary scientific field. Interventions must
account for an information environment where information
flowsonline and offline, highly tailored to people' sinformation
diets, and their responses can lead to nonprotective behaviors
and poor health outcomes offline[1,2,17]. Building harmonized
measures and cohesive interventions requires an amalgamation
of cross-disciplinary and mixed methods approaches to inform
the health emergency response and routine health
system—strengthening efforts online and offline [17].

Early inthe COVID-19 response, the First WHO Infodemiol ogy
Conference in June-July 2020 brought together experts from a
range of disciplines to begin a global conversation about the
science of infodemiology and establish apublic health research
agenda for managing infodemics, recognizing that each
discipline has a different perspective on the problems of
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infodemics, different ways of measurement, and a different
vocabulary [17,18]. Although previous conferences have
expanded our understanding of infodemic drivers[19] and social
listening approaches [20], the Fifth WHO Infodemic
Management Conference aimed to collaboratively develop a
proposed action plan to foster implementation for work stream
1 of the WHO public health research agenda for managing
infodemics: the development of metrics and indicators for
measuring the burden of an infodemic and related interventions.
The full conference report is available on the WHO website
[21]. In this paper, we summarize the conference structure,
proceedings, outcomes, and proposed actions.

Methods

Overview

The conference used an iterative human-centered design (HCD)
approach in line with the purpose-outcome-process (POP)
model, atool for focusing actions on creating results [22,23].
Held in the context of the COVID-19 pandemic and with travel
restrictions in place, the meeting necessarily took place online
via videoconference. The virtual discussions took place over
four 3-hour meetings during 2 weeks in November 2021,
resulting in a summary report and recommended actions to
advance 5 key areas for the development of metrics to assess
the burden of infodemics. The summary report consolidated the
participants' input for a common vocabulary, concepts,
standardized study designs, measures, and tools to estimate the
burden of infodemics or the effectiveness of infodemic
management interventions.

Ethical Considerations

Institutional Review Board review was not sought because the
work described in this paper was based on observation of
discussions at the conference and focused on the synthesis of
expert opinion following the Chatham House Rule [24]. No
personal information was collected from participating experts.

Design Approachesto Promote Effective
Interdisciplinary Discussion

The organizers used an HCD approach to intentionally facilitate
engaging and effective conference deliberations[23]. First, the
conference format was designed to offer a level playing field
for al participants who were encouraged to contribute their
knowledge in an environment where most participants came
from extremely diverse disciplines, backgrounds, country
settings, and professional experiences. Second, the conference
structure was designed with the help of the POP model [22] to
provide a structured output to conference deliberations. Third,
sessions were scheduled on different days, alowing the
organizing team to synthesize inputs and prepare for the next
session and adapt the deliberations and format. Consideration
was given to what and how essentia information was shared
with participants before and during the conference sessions, to
the emotiona pacing of the interactions that would support
intense cross-disciplinary expert deliberations, and to the
environment that would support the participant behaviors and
discussions toward actionable recommendations.

JMIR Infodemiology 2023 | vol. 3 | e44207 | p.177
(page number not for citation purposes)


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

JMIR INFODEMIOLOGY

First Approach: Designing for Consensus on Outcomes
and Recommendations

The 4 conference sessions were structured over the following
thematic areasfor acumulative duration of 12 hours. Facilitators
directed participant discussions to arrive at actionable
recommendations on the last day. Ahead of each session, the
design of the proceedings and the group discussion tasks and
visualswere al so tested with the cochairs of the conference and
a group of experts, and the feedback was used to set clear
discussion tasks and discussion aids. This approach aimed to
prepare each session discussions by building on the collective
knowledge from previous sessions and to effectively facilitate
technical discussions despite complex multidisciplinary topics.

The meeting schedule was designed as follows: Ahead of each
of the 3-hour virtual meetings, the organizing team prepared
introductory talks to set the task of the day, defined discussion
guestions, developed visua aids, and designed the discussion
process. During the session, the outcomes of discussions were
recorded by facilitators and note takers on Miro boards that
were used during the session. After each session, debriefswith
breakout group facilitators reflected on the group dynamicsand
technical discussion. The organizing team used all this
information to adapt and refine the preparation of the next
session, including the discussion questions and discussion inputs
on Miro. Moreover, after each session and debrief, the
organizing team updated the concept map on a summary Miro
board to capture the progressive discussions and made it
availablefor asynchronous review and comments by conference
participants.

Synthesis of discussions using thematic analysis by the
organizing team led to the identification of 5 key areas for
immediate action for the development of metrics to assess the
burden of infodemics and associated interventions. They were
summarized alongside a participant-generated list of proposed
actionsand concrete next stepsfor each areafor implementation.

Second Approach: Using the Purpose-Outcome-Process
Model for the Conference

The purpose of the meeting was to determine how to measure
the burden of infodemics associated with the information mix
people access and the associated drivers for people's behaviors
over time and to discuss new ways to characterize information
exposure and health outcomes that support this measurement.
The expected outcomes of the meeting were to synthesize
collective feedback and arrive at concrete next steps on (1) a
concept map on the main pathways on the wider effects of
infodemics (individual, society, health system, and policy); (2)
alist of principlesfor ranking and prioritization of conceptsand
indicators to be used; (3) a prioritized list of actions, study
designs, and metrics that need development; (4) the
establishment of collaborations to advance the work. Because
the expected outcomes were ambitious for the planned total 12
hours of deliberations, careful consideration was given to how
the conference outcomes could best benefit from the expertise
of participating senior academics and policy makers.
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Third Approach: Designing for Emotional Pacing,
Engagement, and Behaviors Supportive of Desired
Conference Outcomes

Experience from previous WHO infodemic management
meetings has shown that infodemiology discussions often require
a design that helps overcome barriers in differences in the
language, terminology, and focus of the actions or aims of
research between researchers from different disciplines and
practitioners  from  different health  programs or
evidence-informed policy functions in heath authorities
[17,18,25]. Several meeting design features aimed to address
this:

« The concept map and lightning talks by experts at the
beginning of the day were used to highlight perspectives
from different scientific disciplines or public health practice
on the discussion task of the day.

« Facilitators of small group discussions were coached and
provided with facilitator guides with prompts to help them
move the discussion toward the task and were given aspace
on the discussion boards, where they could record
suggestions tangential to the task at hand.

«  Thescheduleddiberately emphasized morediscussiontime
in smaller groupsin comparison to in-plenary to allow for
maximum participation and exchange of experience.

«  The synthesis of collective discussion was used to prepare
for the next session. This was a resource-intensive activity
that aimed to learn as much as possible from participants,
while keeping them interested, engaged, and motivated to
provide further input in the next session.

«  The organizing team reflected back to the group not only
a technical summary of the discussions but aso the
observations on the discussions—for example, the
development of a common understanding of vocabulary
and small group identities.

«  Becausethediscussionswere highly technical and required
intense engagement, breaks were designed to be playful.
Music videos on the topics of public health and science
were played at the beginning of the meeting and during
breaks to set the tone of interactions at the conference.

Profile of Participants

The 86 invited participantsincluded academicsand public health
practitioners from 48 organizations, including voices from 28
countries across 18 time zones, with a 56%:44% gender split
in favor of women (n=48 females vs n=38 males). In addition,
48 additional invited academics and policy makers were not
avallable to participate. The conference participants were
academics selected by the organizers for the relevance of their
publication record in the past 2 years for the purpose of this
meeting or practitioners who were working in health metrics,
measurement, and health program implementation. The
participants also included 5 observers from civil society and
global public health implementing partners. Conflicts of interest
were reviewed in accordance with WHO procedures for the
management of the declaration of interest for expert
consultations [26]. An extended conference-organizing team
comprising 32 members was drawn from across the WHO, the
US Centersfor Disease Control and Prevention (US CDC), and
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the George Ingtitute for Globa Health (TGI), India More
information about the structure and methodology of the
conferenceis detailed in Multimedia Appendix 1.

Framing DiscussionsWith a Concept M ap of theWider
Impacts of I nfodemics

A map of concepts of the wider effects of infodemics was
developed and used as a structured aid to facilitate streamlined

Wilhelm et &

discussions during the conference (Figure 1). The map itself
was organized into 4 sections, representing elements relating
to the hypothetical influence of the information environment
and their potential effects on individual, health, and societal
impacts. Further details of the burden of the infodemic concept
map can be found in Multimedia Appendix 2.

Figure 1. Concept map of the burden of infodemics, as discussed at the conference. It was organized across 4 domains. (1) in green, the level of the
information ecosystem (online and offline content, social context, and structuresthat affect the dynamics of information consumption and transmission);
(2) in blue, theindividual level (behaviors and psychological mediators that determine exposure and susceptibility to the information characteristics of
infodemics, as well as the proximal physical and psychologica outcomes after this exposure); (3) in red, the level of health system impacts focused on
metrics and outcomes specific to health care delivery and public health systems; and (4) in red, the societal level (infodemic impacts and ultimate

outcomes that affect groups of individuals).

Individuals

Information Ecosystem
Information, Misinformation,
Disinformation, Malinfarmation

Social Content PN Exposure Consumption
context generation mediators behaviors

processes

mediators

Concept mapping is a technique from the social and natural
sciencesto represent hypotheses about how elements affect one
another [27,28]. These maps are meant to be preliminary
frameworks—for example, concept maps typicaly start in a
highly qualitative form, similar to mind mapping or causa
mapping techniques. Although concept maps may eventually
inform the basis of quantitative research, such as structural
equation modeling, highly qualitative concept maps can be
helpful for nascent problems to provide a system-level
visualization of potential causal links, which, in turn, informs
strategies for their investigation.

A brief review of theliterature did not yield any comprehensive
existing frameworks to discuss the whole complexity of the
infodemic. Therefore, a concept map was developed to help
participants from different backgrounds have a common frame
and vocabulary for discussion.

The draft concept map was based on theoretical expectations,
drawing from existing models from multiple disciplines,
including anthropol ogy, psychol ogy, sociology, and informatics.
The concept map sought to apply exposure or dose-rel ationship
models from medicine and public health toward infodemic
impacts and drew from socioecological models to consider
interactions between individuals and broader societal factors.
It sought to provide a system-level visualization representing
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hypotheses about how key factors may affect outcomes in an
infodemic. A synthetic map was needed as the magjority of
research to date hasfocused only on limited facets of the system.
For example, 1 study sought to estimate the total monetized
cost of decisions not to receive a COV ID-19 vaccination based
on misinformation or disinformation [ 16]. Another study focused
on the incremental health costs due to additional COVID-19
cases caused by misinformation, as well as the impact on the
gross domestic product due to government restrictions needed
to address the infection growth rate attributable to the impact
of misinformation [29]. Directionality and potential causal links
between different concepts on the map would be a point of
discussion during the meeting.

The concept map was designed to help overcome challenges
associated with bringing together such a diverse group of
participants from diverse fields and areas of public health
practice and policy making. As research on infodemiology
remains emergent, significant variationsin how infodemicsand
their impacts are conceptualized exist. Any research seeking to
measure the predictors, mediators, and impacts of either health
behaviors or human cognition is intrinsically complex. The
interdisciplinary nature of infodemiological research draws
interest from awide variety of diverse disciplinesranging from
the social sciences to health informatics. Moreover, experts
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working ininfodemiology vary in professional settingsranging
from public health action to academic research.

The concept map was prepared by expert members of the
organizing team, was shared with participants ahead of the
conference, and wasreferred to through all deliberations. Severa
map limitations were communicated to the participants ahead
of time. First, the map was used as a discussion tool, and its
primary purpose was not considered a formal model. Second,
elements that were likely to be challenging to measure were
included in the map to foster discussion. Third, the model was
based on theoretical expectations and not a systematic review
of the literature. Fourth, the model was not comprehensive and
should not be used to inform intervention design or quantitative
modeling.

Results

Key Areasfor Action

The meeting was oriented to formulate practical actions that
could be taken in the future in the context that in November
2021, the COVID-19 pandemic continued to cause massive
disruptions and the first countries were beginning to roll out
COVID-19 vaccines as fast as possible. There were mgor
concerns that the basic inputs that would underpin the burden
of infodemic measurement were not yet in place, such as a
common language, concepts, and thorough evidence and
literature reviews. This was difficult to achieve due to the
cross-disciplinary nature of the challenge. Therefore, practical,
immediate actionswere prioritized to strengthen the foundation
for measuring the burden of infodemics.

Therewere many rich discussions on concepts and frameworks,
and participants worked together to reach recommendations
that would work toward coherence across disciplines. Together,
we identified 5 key areas for immediate action toward the
devel opment of metrics to assess the burden of infodemics and
associated interventions over the 4 sessions. The richness and
evolution of discussions could not be fully reflected in the
summary of the action areas, but we reflect on them broadly
here. The concrete actions are summarized next, and more
details of each of the action areas are provided in Multimedia
Appendix 3.

First, participants noted that currently, although often referred
to, no established and widely accepted definition exists of what
exactly characterizes infodemics and related aspects (eg,
misinformation) and thus urged to establish the development
of standardized definitions related to infodemic measurement
and management. This could be achieved through the
establishment of aworking group aimed at devel oping working
definitions, which could later be validated using a Delphi
method. Participants assessed this task as a priority since the
term “infodemic” was conceptually conflated, was often
overworked, and was currently used to refer to different concepts
in different fields or country settings. A glossary of terms
associated with the measurement of infodemics—examples
include “information exposure,” “overload,” “risk mediators of
individual effects,” and “ delayed care due to infodemic”—with
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standardized definitions was urgently needed to ad
infodemiology research as well as public discourse.

Second, participants proposed the establishment of a
multidisciplinary working group to review and build on the
concept map to reflect and reconcile different perspectives and
disciplines that look at the information ecosystem, the
individual, the health system, and societal factors contributing
to the infodemic. A Delphi method was recommended to be
used to validate the concept map. Effortsto improve the concept
map should be closely coordinated with the technical working
groups responsible for devel oping standardized outcomes (area
1) and with the group conducting adesk review of the evidence,
tools, and data sources (area 3). Thisisessentia asthe definition
of the appropriate elements in the map will be in association
with the terminology being developed. Similarly, evidencefrom
the literature reviews will be vital to arriving at relevant
connections/associations between the elements in the map.
Parti ci pants assessed thistask to be a priority and voted to retain
the infodemic burden concept map. However, participants
warned against following any concept map too closely, as it
might lead to disregarding critical elementsthat were not already
elaborated on the map. They agreed on its value in identifying
the various inputs and outcomes, as well as the confounding
factors that determine the contours of a complex object of
scientific inquiry, such as an infodemic.

Third, participants proposed the establishment of a working
group to draft a protocol for conducting a review of evidence,
tools, and data sources related to infodemic measurement. The
working group would also explore options and partnershipsthat
could implement the review. Participants assessed this task to
be a priority. Given the emerging contours of infodemiology,
its scope would extend beyond that of a traditional review.
While drawing on tools for systematic reviews of ongoing and
upcoming research, it would, for instance, also involve searches
within the gray literature.

Fourth, participants suggested the establishment of a working
group to review and improve different policy, practice, and
research priorities on a rolling basis and work toward the
alignment of infodemic management efforts at the global level
by different stakeholders. Additionally, this group would support
mainstreaming of infodemic management into public health
practice, policy, and capacity building. This core group would
be complemented by awider array of related groups, leveraging
expertisein specific areasin a Del phi method to reach consensus
on various items discussed in the group. Participants assessed
thistask to be a priority.

Fifth, participants identified 4 urgent aspects of COVID-19
infodemic management needing attention in the short term.
Additionally, participants ranked them in order of priority and
offered inputs on their potential modification and expansion:
(1) development of harmonized tools for the measurement of
information diet/exposure and establishment of aglobal research
collaboration to usethem; (2) development of behavioral/process
models that can be used for the development and evaluation of
interventions; (3) measurement of the economic cost of the
COVID-19 infodemic and related spill-over effects; and (4)
identification of data sources and measures following the
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concept map, which can be used for defining global open data
setsto facilitate modelling and research.

Participants agreed that the pandemic response, health system
recovery, and resilience building remain key prioritiesfor most
health authorities and continue as a research focus for
academicians. In addition to the 5 key areas of action, several
additional themes of conversations were identified during the
discussions (see details in Multimedia Appendix 4), in general
reflecting on the barriers and enablers to assessing and
measuring the burden of infodemics.

Discussion

Principal Findings

The meeting was started with the aim to discuss and arrive at a
concrete action plan, but the discussion proved to be so rich
that it was important to reflect on cross-disciplinary
considerationsfor the burden of infodemic metric devel opment.
Therefore, the concrete action areas reflect the wider context
that needs to be considered when discussing measuring the
burden of infodemics. Participants reflected on the inherent
tension between discussing abstract concepts and research gaps
compared to the need to develop practical actions to move
toward better measurement of the burden of infodemics quickly
enough to assist in the current global crisis. Severa
considerations recurred in the discussions, cutting across all
meeting days, which should be kept in mind when discussing
frameworks for measuring the burden of infodemics.

« To successfully respond to infodemics and integrate
infodemic management into health systems and health
policies, it is crucia to be able to measure the burden of
infodemics on society. The conference discussions
reaffirmed that there is an urgent need for infodemiology
research to be fast-tracked and oriented in directions that
are most effective for infodemic management in public
health. Efforts to identify metrics for ng the burden
and evaluating interventions related to infodemics will
benefit if they proceed in a parallel manner. Metrics that
arefeasible to measure and implement across awide range
of public health programmatic settings should continue to
be prioritized. Standard indicators aready used for
mesasuring health, population, and economy should be given
priority over the invention of new ones.

« Theidentification of sources and metrics from established
and routine health and data systems should be rigorously
prioritized over the formulation of new ones. Integrating
insights from online and offline sources of information
would be essential to an objective infodemic burden
assessment.

- Despite the efforts focused on characterizing
misinformation, little research in the area has been designed
to measure population-level associations between
(mis-)information exposure and attitudes, such as vaccine
hesitancy, or behaviors, such as nonadherence to public
health practices[30]. Research in data-driven infodemiol ogy
has mainly focused on identifying the types of
misinformation that appear online and their prevalence,
often limiting itself to asingle social media platform [31].

https://infodemiol ogy.jmir.org/2023/1/e44207
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With a few exceptions [32], research designs do not
associate information exposure with individual outcomes
(eg, attitudes, practices, or behaviors) and thus cannot be
used to assessthe burden of infodemics[33,34]. Thisresults
inthe absence of solid evidencethat could support effective
design of public health interventions.

However, the difficulties in harmonized measurement of
the burden of infodemics should not pause the efforts in
public health practice to introduce evidence-based
interventions through rigorous implementation research
and adaptable health programming. For example, lessons
should be drawn from how policies to address the burden
of noncommunicable diseases on popul ations evolved over
time. Measurements, such as monitoring of blood sugar
levels, became standard practice and indicators before
science was able to unequivocally link them to health
outcomes and the burden of disease.

Although the WHO Member States have recognized the
perilsof health misinformation [35], WHO, Member States,
civil society, and other stakeholders have different rolesto
play in infodemic management and response. To be
effective, management and response activities need to
understand where the greatest risks are and rapidly capture
the positive impact of responses without having to develop
new, robust evaluation programs for every activity.
Observational studies that simply report on the prevalence
of misinformation make recommendations based on biased
dataand without measuring associ ations with behavior. For
example, it was assumed that bots were important for
disseminating misinformation, but research could not prove
the real impact on the attitudes of social media users [36].
Studies that do not directly link information exposure to
behavior can lead to wasted effort and unintended
consequences. Understanding the mediating role that the
social determinants of hedth play in individuals
susceptibility to misinformation should be investigated.
An infodemic causes harm on many levels, and it is by its
nature a complex problem. Assessing its burden on health
and society will require rethinking not only the frameworks,
pathways, and protocols for measurement but also how the
data are collected in a sustainable manner. WHO is
devel oping activitiesto support pandemic preparedness and
to mitigate the current pandemic, and severa WHO
preparedness activities rely on the development of new
technologies and tools. The deployment of standardized
tools for measuring how population-level differences in
exposureto information risk factors explain the differences
in behaviors after accounting for demographic differences
is a challenge. New forms of global collaborations are
needed to collect harmonized data through distributed
collective measurement of the burden of infodemics.
Moreover, research and data collection should consider
using participatory research methodswith communitiesand
infodemic managers where the generation of metrics is
paired up with interventions.

Infodemics can be best addressed using amultidisciplinary
approach and grounding in public health practice [17]. The
currently emergent stage of the science of infodemiology,
combined with the heterogeneity of academic expertiseand
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professional backgrounds of the participants at the
conference, offered rich opportunities for multifaceted
technical discussions on metrics related to infodemics. At
the same time, the meeting reconfirmed that conversations
across diverse backgrounds must be prepared carefully to
facilitate discussion across different scientific terminologies
and approaches, aswell asthe differences between research
methods and public health practice considerations.

« Thelack of trust or mistrust toward health authorities can
compromise adherence, compliance, and, ultimately, the
overall success of the public health response, with all that
theseimply intermsof adverse outcomesonindividual and
population-widelevels. Identifying public health and social
indicators for measuring and monitoring the impact of
infodemics on health behaviorsis now a priority for many
health authorities that require evidence for planning,
implementing, and evaluating interventions and policies.
Trust metrics should beincorporated into infodemic metrics
and modeling because these concepts are so interlinked.

«  Currently, there are few published studies that reflect how
policies foster or hinder infodemic-related outcomes;
without measures that are identified that can be acted on
by health systems, it will be difficult to institute more
supportive and effective policies to mitigate the effects of
infodemics on health.

- The way information access, exposure, and engagement
are estimated for individuals is inconsistent across studies
and often restricted to single social media platforms,
limiting the value of the research. Furthermore, it remains
unclear whether datafrom social media and web platforms
can be used as proxy measures for a person’s broader
information diet and whether these data capture differences
in how people make sense of that information in terms of
attention, trust, and prior beliefs. Ultimately, understanding
how aperson’sinteraction with an increasingly individually
attenuated and complex information ecosystem affectstheir
health behaviors should be better studied to understand
linkages to their online interactions.

However, there are ways forward to advance the measurement
of infodemic harms and impacts and the use of infodemic
management interventions. The 5 conclusionsand 5 key actions
from the conference represent the convergence of many of the
limitations and opportunities mentioned beforefor thefield and
propose aroadmap for advancing the field for WHO.

Other Policy Developments That Will Affect the
M easurement of the Burden of I nfodemics

Previously, many efforts in research and coordination in the
misinformation space have focused on individual, societal, or
media-related domains in a siloed manner. Now is the time to
firmly center the health system in the infodemic management
conversation when it comes to hedth emergencies.
Strengthening preparedness, prevention, and resilience aspects
to health systemsin infodemic management will mean moving
from defining terms and metrics to routinizing infodemic
measures in routine data collection and decision-making in
“peacetime” preparedness work and ramp up engagement,
grounded in policy and enabled by sufficient workforce capacity
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and resources, during emergency activations of incident
management structures.

In an attempt to reduce siloed approaches, multidisciplinary
research and partnerships between public health, academic,
mediaand civil society ingtitutions should be fostered to identify
interconnections which could provide basis for such
assessments. Conveningssimilarly patterned on HCD principles
may be well-suited to further discussing and establishing
frameworks for interdisciplinary areas of health that are
identified as priorities following emergencies and outbreaks,
even if science and policy surrounding the topic is only
emergent. This could include focus on burgeoning areas of
governance, privacy and ethics in infodemic management and
even in other health areas affected by infodemic harms. For
example, WHO is convening aWHO ethics panel to deliberate
on ethical considerations of social listening and infodemic
management.

Ultimately, a successful infodemic response will lead to
informed policies and promote healthy behaviors by individuals
and communities. To do this, it identifies and addresses
individuals and communities questions, concerns and
information voids on health topics; reduces the spread and
impact of misinformation; and refines public health engagement
strategies (ie, promoting health equity, addressing scientific
uncertainty and promoting culturally relevant risk
communication and education) and health system response to
more effectively promote healthy behaviors. To support
countries, WHO has fostered development of tools to provide
an evidence-based response to the infodemic and strengthen
epidemic and pandemic preparedness activities [37,38]. These
complement efforts by governments, media and factchecking
organizations, civil society organizations and academic groups
to develop valuable tools and resources to develop stronger
methods for evidence-based decision-making for infodemic
management. As the COVID-19 response has shown, all
emergencies and pandemics in the future will be accompanied
by infodemics that will be better addressed with the tools and
insights devel oped today.

Health authorities seeking instructive policies or global technical
guidance on infodemic management as the global
epidemiological picture changes. WHO isworking to establish
atechnical working group to support development of technical
guidance that will be relevant to different country contexts,
emergencies and outbreaks. A policy brief for COVID-19
infodemic management has also been published, outlining key
recommendations for policy makers to integrate infodemic
management in COVID-19 response and strengthen
preparedness for other emergencies [39].

Countries are seeking solutions—interventions to stem current
and future infodemics. Since the conference, WHO has
commissioned an evidence gap map (EGM) exerciseto anayze
and visually map areas where there is evidence, the strength
and applicability of that evidence of infodemic management
interventions in the time of COVID-19 to the wider field, and
where there are evidence gaps [40]. In conjunction with the
conference outcomes and priorities identified by participating
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experts, this EGM can aid in prioritizing where investmentsin
research and interventions should be directed.

Conclusion

Infodemics now constitute acondition of our timesand are here
to stay, evenit isextremely difficult to measure them precisely.
To advocate evidence-based interventions for use in
preparedness, prevention, and emergency response, athorough
assessment of infodemics' impact and burden on society is

Wilhelm et &

formulating an adeguate methodology—relevant in various
health care settings and contexts—can be pursued that helps
measure and eventually express the damaging effects of
infodemics by using standard indicators. This conference was
the first global step toward achieving these objectives.

We are standing on the shoulders of giants as diverse knowledge
can be transferred from other disciplines and contexts into
infodemic management for emergencies. Yet, we need further

research and innovation to address some of the longstanding
questions and bring about a truly multidisciplinary effort that
serves both academic research and public health emergency
preparedness, prevention, and response.

required. This, however, requiresto first reach consensus about
what we exactly mean when we talk about infodemics and also
about their moderating determinants. When definitions are set,
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Abstract

Background: Socializing isone of the main motivations for water pipe smoking. Restrictions on social gatherings during the
COVID-19 pandemic might have influenced water pipe smokers' behaviors. As one of the most popular social media platforms,
Reddit has been used to study public opinions and user experiences.

Objective: In this study, we aimed to examine the influence of the COVID-19 pandemic on public perception and discussion
of water pipe tobacco smoking using Reddit data.

Methods: We collected Reddit posts between December 1, 2018, and June 30, 2021, from a Reddit archive (PushShift) using
keywords such as “waterpipe,” “hookah,” and “shisha” We examined the temporal trend in Reddit posts mentioning water pipes
and different locations (such as homes and lounges or bars). The temporal trend was further tested using interrupted time series
analysis. Sentiment analysis was performed to study the change in sentiment of water pipe—related posts before and during the
pandemic. Topic modeling using latent Dirichlet allocation (LDA) was used to examine major topicsdiscussed in water pipe—related
posts before and during the pandemic.

Results: A total of 45,765 nonpromotion water pipe—related Reddit posts were collected and used for data analysis. We found
that the weekly number of Reddit posts mentioning water pipes significantly increased at the beginning of the COVID-19 pandemic
(P<.001), and gradually decreased afterward (P<.001). In contrast, Reddit posts mentioning water pipes and lounges or bars
showed an oppositetrend. Compared to the period before the COV1D-19 pandemic, the average number of Reddit posts mentioning
lounges or barswas|ower at the beginning of the pandemic but gradually increased afterward, whilethe average number of Reddit
posts mentioning the word “home” remained similar during the COVID-19 pandemic (P=.29). While water pipe—related posts
with apositive sentiment were dominant (12,526/21,182, 59.14% before the pandemic; 14,686/24,583, 59.74% after the pandemic),
there was no change in the proportion of water pipe—related posts with different sentiments before and during the pandemic
(P=.19, P=.26, and P=.65 for positive, negative, and neutral posts, respectively). Most topics related to water pipes on Reddit
were similar before and during the pandemic. There were more discussions about the opening and closing of hookah lounges or
bars during the pandemic.

Conclusions: This study provides afirst evaluation of the possible impact of the COVID-19 pandemic on public perceptions
of and discussions about water pipes on Reddit.

(JMIR I nfodemiology 2023;3:40913) doi:10.2196/40913
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Introduction

Water pipe tobacco, also known as “hookah,” is a combustible
tobacco product usually used in agroup setting [1]. A previous
systematic review found that the major motivations for water
pipe smoking are socialization, relaxation, pleasure, and
entertainment [2]. Water pipe tobacco smoking (WTS) often
involves the use of an apparatus that heats the tobacco and
passes the smoke through water beforeit can beinhaled through
a hose by the user. Data from wave 1 to 3 of the Population
Assessment of Tobacco and Health (PATH) study showed that
young adults (aged 18-24 years) had a higher prevalence of
WTS than youth and adults aged 25 years or older [1]. The
prevalence of past-30-day WTS in young adults was 9.2%,
compared to 0.7% in youth and 1.2% in adults aged 25 years
or older, according to PATH wave 3 data collected between
2015 and 2016 [1]. A previous online survey study of US adults
aged 18 to 30 years found that positive attitudes and perceived
peer acceptability of WTS were significantly associated with
WTSinyoung adults[3].

Similar to many other tobacco products, WTSisrelated to many
health issues, including lung cancer, respiratory illness, low
birth weight, and periodontal disease, as well as bronchitis,
metabolic syndrome, cardiovascular disease, and mental health
[4,5]. Many water pipe users prefer flavored tobacco [6]. The
most popular flavorsarefruit flavors, followed by sweets, spice,
alcohol, and other beverages [6]. It has been reported that the
main motivationsfor WTS are socialization, relaxation, pleasure,
and entertainment [2]. Homes and hookah lounges are the most
common places where people use water pipe tobacco [7].

It has been shown that smoking behaviors were affected by the
recent COVID-19 pandemic [8]. COVID-19 is an infectious
disease caused by SARS-CoV-2[9]. Thefirst case of COVID-19
was diagnosed in December 2019 in Wuhan, China, and it was
declared a global pandemic on March 11, 2020, by the World
Health Organization (WHO) [10]. To mitigate the spread of the
disease, many countries, including the United States, India, and
China, enforced lockdowns on the economy and cities[11,12].
Studies have shown many positive outcomes of lockdowns,
such as a significant decrease in the growth rate of confirmed
cases, aswell asimproved global air quality and lower pollution
[11,13]. Onthe other hand, the lockdowns caused mental health
problems, such as anxiety, depression, loneliness, sSleep
difficulties, and hyperarousal, as well as a higher tendency to
overeat and experience obesity [14-16]. Some studies showed
that psychiatric emergency admissions increased during the
lockdowns, raising a debate on how the pandemic might have
affected mental health [17,18]. The COVID-19 pandemic and
the accompanying lockdown policies have been proven to have
influenced tobacco smoking [19,20]. Smoking prevalence was
shown to have decreased in urban countiesin the United States
[20]. In addition, the vaping rate among youth and young adults
declined during the pandemic in the United States[19]. A recent
online survey study conducted among 1223 US adults in 2020
showed that a more severe perception of smoking-related

https://infodemiology.jmir.org/2023/1/e40913

COVID-19 risks was associated with a higher likelihood of
smoking reduction and quit attempts [21]. A cross-sectional
household survey study conducted in England in 2020 showed
that a minority of e-cigarette users attempted to quit vaping
because of COVID-19 [22]. Anocther survey study of Isragli
smokers showed increases in both the number of smokers and
attempts to quit smoking due to COVID-19 [23]. Given water
pipes are often smoked in groups during social gatherings, itis
possible that the lockdowns during the COVID-19 pandemic
affected water pipe use.

As of January 2021, Reddit had more than 50 million daily
active users, 100,000 active communities, and 13 billion posts
and comments[24]. Reddit has been widely used for discussing
many public health events[25]. Dueto itsincreasing popularity,
Reddit has been used to study public perceptions and discussions
of tobacco products. For example, to understand reasons why
peoplewith mental health problems smoke e-cigarettes, agroup
of scientists analyzed 3263 posts on Reddit and found that the
main reasons for e-cigarette use included self-medication,
freedom and control, and motivation from caregiversand online
communities [26]. Severa studies have used Reddit data to
study public perceptions of flavored e-cigarette use and related
health symptoms[27-29]. Another study analyzed Reddit posts
related to oral nicotine pouches and found that people generally
had a positive attitude toward oral nicotine pouches[30]. Since
the pandemic started, active discussions on Reddit have made
it a useful resource to study the influence of the COVID-19
pandemic. Recently, Reddit has been used to find patterns of
posts that imply mental health problems and identify at-risk
users on the platform during the COVID-19 pandemic [31].

In this study, we aimed to understand how the COVID-19
pandemic influenced public perceptions and discussions of
water pipetobacco smoking on Reddit through interrupted time
series (ITS) data analyses, sentiment analyses, and topic
modeling. More importantly, we aimed to investigate whether
the COVID-19 pandemic had an impact on water pipe smoking
behaviors, such asreducing usein hookah lounges or barsduring
the pandemic, given water pipes are commonly smoked during
social events. Our study provides an initial but important
evaluation of the potential impact of the COVID-19 pandemic
on water pipe perception and discussion, as well as potential
water pipe behavior changes, through social mediadatamining.

Methods

Data Collection and Preprocessing

Reddit posts (comments) from December 1, 2018, to June 30,
2021, were downloaded from a Reddit archive (PushShift). We
extracted posts related to water pipes using a set of keywords
from a previous study [32], including water pipe, hookah,
shisha, narghile, argileh, hubble-bubble, goza, borry, gaylan,
mada’a, mouassal, jurak, tumbak, hooka, sheesha, and
hubblebubble. In total, 62,699 water pipe—related Reddit posts
were obtained.
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A multi-filter process was used to preprocess the Reddit data.
First, we applied afilter to obtain all the postswritten in English.
Second, we applied additional filters to ensure that al posts
were related to water pipes. For example, Reddit posts that
contained “shisha octane,” “waterpipe shotgun,” and “hookah
attack” were discussing games like Rust or Rainbow Sx Sege
instead of water pipe smoking. To eliminate such noise, we
removed Reddit posts that contained the above combinations
of keywords and Reddit posts from game subreddits, including
Ips4, Ixbox, /playrust, /rainbow6, /boombeach, /siegeacademy,
/réproleague, and /valorant. Third, commercial Reddit posts
were removed if they contained keywords such as discount,
deal, and dealer, or if their usernames included keywords such
as dealer, water pipe, or hookah.

Location Analysis

To determine whether the COVID-19 pandemic affected water
pipe smoking behavior due to restrictions on social gatherings,
we conducted a location analysis. We constructed a location
data set for Reddit posts that mentioned specific locations
according to the most common locations of water pipe smoking
mentioned in the posts. First, we performed an item count that
included single words, bigrams, and trigrams. Then, we
manually examined the items with high frequency to identify
location-related items. We classified these items into 2 main
categories: home and lounge/bar. The home category included
home, house, living room, and dining roomwhile the lounge/bar
category included lounge, lounges, bar, bars, cafe, cafes, coffee
shop, coffee shops, strip club, and strip clubs. Thelocation data
set consisted of 9344 Reddit posts mentioning either home or
lounge/bar.

Temporal and ITSAnalysis

To study trends in the discussion of water pipe tobacco on
Reddit, we calculated the number of water pipe—related Reddit
posts per week, as well as the number of Reddit posts that
mentioned either home or lounge/bar per week. An1TSanalysis
was used to determineif trends before the COVID-19 pandemic
were different from trends during the COVID-19 pandemic, for
either home or lounge/bar. In an ITS analysis, time series are
segmented by the intervention point and segmented regression
is used to evaluate the changes in level and slope before and
after the intervention point [33]. In our study, we set the
intervention point as March 11, 2020, which is the day that the
WHO declared COVID-19 to be a global pandemic [10]. We
identified 155 posts that were comments on a single popular
post made on February 19, 2020, about a husband smoking
water pipe tobacco while hiswifewas pregnant. After carefully
examining these posts, we manually removed all of them, since
they were not related to WTS. Thel TS analyseswere conducted
using SAS (version 9.4; SAS Institute). The significance level
of the test was set at 5% for 2-sided tests.

Sentiment Analysis

We generated a sentiment score for each post using VADER
(Valence Aware Dictionary and Sentiment Reasoner). VADER
is designed for qualitative sentiment analysis of social media
using a list of lexical features combined with rules about
conventions for expressing emotions[34]. A post is considered
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to have a positive attitude if it has a score equal to or higher
than 0.05, a negative attitude if the score is equa to or lower
than —0.05, and a neutral attitude if the score is between —0.05
and 0.05. To determineif there was any changein the proportion
of posts with different sentiments before and during the
COVID-19 pandemic, we performed a 2-proportion z test with
asignificance level of .05.

Topic Modeling

To identify and compare the topics discussing water pipes on
Reddit, we performed topic modeling using the latent Dirichlet
alocation (LDA) model on posts made before and during the
COVID-19 pandemic. The LDA model isagenerative statistical
model that can be used to find topics in documents [35]. The
algorithm first calculates the probabilities of each word
appearing in each topic and then defines each topic with the
wordsthat have the highest possibility of appearing in that topic.
We chose the optimal number of topics based on the maximum
coherence score. Sentences from the posts were transformed to
lowercase letters, and stop words, such as the, am, and you,
were removed using the Natural Language Toolkit (NLTK
Team) in Python. Additionally, the words were lemmatized
using spacy (ExplosionAl GmbH) [36] in Python.

Ethics Approval

Only publicly available Reddit posts were used for this study.
There was no identifying information on Reddit users in this
study. To protect human subjects included in this study, this
study was reviewed and approved by the Research Subjects
Review Board of the Office for Human Subject Protection at
the University of Rochester (STUDY 00006570).

Results

Discussion of Water Pipeson Reddit

From 62,699 Reddit posts extracted from the Reddit archive
based on water pipe-related keywords, we identified 56,462
English Reddit posts, among which 51,387 wererelated to water
pipes. Further removal of promotion posts resulted in 45,765
Reddit posts related to water pipes, which were used for further
analysis. To understand trends in the discussion of water pipes
on Reddit over time, we examined the number of posts related
to water pipetobacco per week from December 1, 2018, to June
30, 2021 (Figure 1). The vertica line marks March 11, 2020,
the starting date of the COVID-19 pandemic. As shown in
Figure 1, ITS analysis showed that the discussion of water pipe
tobacco on Reddit was significantly increasing before the
COVID-19 pandemic (P<.001). After the announcement of the
COVID-19 pandemic, the popularity of water pipe—related
Reddit posts significantly decreased (P<.001). ITS anaysis
further showed that the average number of water pipe—related
posts per day during the pandemic was significantly higher than
before the pandemic (P<.001).

To examine whether the pandemic had any impact on the
location of water pipe tobacco use, we first identified posts
mentioning the 2 most common locations for water pipe use,
homes and lounges or bars (Figure 2). In total, we identified
2194 posts mentioning home/house, and 7150 posts mentioning
lounge/bar. Further ITS analysis showed that discussion of
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smoking water pipe tobacco at home remained stable over the
period of study (P=.29). In contrast, discussion about smoking
water pipes at lounges or bars significantly decreased in the
time leading up to the pandemic (P=.004), then significantly
increased after the announcement of the pandemic (P<.001).
Compared to before the pandemic, the average number of posts

Figure 1. Longitudinal trend in Reddit posts related to water pipes.

500

Number of Posts per Week
g bl B &
o o o o

n
5
=

200

R E R R R L L -
EEEg3855855858583858:3¢88:¢8:§¢€§
NNNNSSNaNﬁNsNNﬁNNNNNS&NNNSNNNNNN
5 I3 ECEEE ST TR R B EEZRES DS 0D GBS G EEZ
BEEEEEEEETTEEEEIESEIRE385585858 5%
EEEZZ2d2Zaa =SS T T PMEESSEEEEEZEE
sga o522 Z2asLtoacaosn 5§55
uuuuu @ o g2t oggozz2eu0l8 8%
@ U @ [Fay e & 2 o 00 9w —
oaoo a2 ZZZ00

Zheng et a

mentioning smoking water pipes at lounges or bars was
significantly lower during the pandemic (P<.001). In addition,
we identified a peak in November 2020 that resulted from 70
posts related to a news story about closing hookah loungesin
Saskatoon, Saskatchewan.
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Figure 2. Longitudina trend in the proportion of water pipe—related Reddit posts mentioning either home or lounge/bar.
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Sentiment Changesin Water Pipe-Related PostsBefore
and During the COVID-19 Pandemic

To understand whether the COV1D-19 pandemic had any impact
on the sentiments of water pipe-related posts, we performed a
sentiment analysis of water pipe-related posts before and during
the COVID-19 pandemic. Before the pandemic, 59.14%
(12,526/21,182) of posts had a positive attitude, 21.44%
(4541/21,182) of posts had a negative attitude, and 19.43%
(4115/21,182) of posts had a neutral attitude. After the
pandemic, 59.74% (14,686/24,583) of posts had a positive
attitude, 21.01% (5164/24,583) of posts had a negative attitude,
and 19.25% (4733/24,583) of posts had a neutra attitude.
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Further statistical analysis using 2-proportion z tests showed
that there was no significant change in the proportion of posts
with positive attitude (P=.19), negative attitude (P=.26), or
neutral attitude (P=.65) before and after the pandemic.

Topics Discussed in Water Pipe-Related Reddit Posts

L DA topic modeling was used to identify popular topicsrelated
to water pipes on Reddit before and during the pandemic. As
shown in Table 1, water pipe—related posts (n=21,182) had 6
major topics before the pandemic, including “friends spending
time together” (3220, 15.2%), “hookah culture in different
countries’ (2284, 10.78%), “discussion about waterpipe
accessories’ (3064, 14.46%), “ getting bad feelings when using
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waterpipe tobacco with other substances’ (3755, 17.73%),
“smoking hookah at hookah bars/lounges’ (4114, 19.42%), and
“discussion about coal and shisha flavor” (4745, 22.4%). The
6 most popular topicsin Reddit posts after the pandemic started
(n=24,583; Table 2) included “friends spending time together”
(3453, 14.05%), “getting bad feelings when using waterpipe

Zheng et a

tobacco with other substances’ (3651, 14.85%), “discussion
about coal and shisha flavor” (3662, 14.9%), “opening and
closing hookah barg/lounges’ (4430, 18.02%), “ discussion about
waterpipe accessories’ (4841, 19.69%), and “good feelings
about hookah” (4546, 18.49%). The keywords and associated
example Reddit posts are also included in both Tables 1 and 2.

Table 1. Topics discussed in water pipe-related Reddit posts (n=21,182) before the pandemic.

Topic

Percentage of

tokens, n (%)

Keywords

Example quotations

Friends spending
time together

Hookah culture
in different coun-
tries

Discussion about
waterpipe acces-
sories

Getting bad feel-
ings when using
waterpipe tobac-
co with other
substances

Smoking hookah
at hookah
bars/lounges

Discussion about
coal and shisha
flavor

3220 (15.2)

2284 (10.78)

3064 (14.46)

3755 (17.73)

4114 (19.42)

4745 (22.4)

friend, time, back,
guy, start, day, feel,
leave, year, end

people, man, thing,
give, post, life, find,
world, show, country

water, make, work,
put, pipe, long, hit,
water pipe, bit, bong

smoke, hookah, tobac-
co, cigarette, smoking,
vape, bad, weed, time,
nicotine

bar, hookah, good,
lounge, place, lot,
hooka, great, love,
pretty

hookah, bowl, good,
shisha, cod, buy,
hose, flavor, clean,
brand

“Looking through this thread and seems to be like I’ m in the minority. | do, and |
doit alot. Granted, only with my close friends, but | have quite afew of those. We
call them “heart to hearts’, and they are usually accompanied by whiskey, hookah,
and petting my too-needy-but-cute-as-shit pittie.”

“| took the truck back after he was done camping one night and went to the hookah
bar with afriend and to the location and back windows were wide open and we had
our shirts over our mouths as we were yelling in fear the entire drive...”

“In Bosnia, hookah is known as Shisha. A lot of Bosnians have moved to Germany,
more than any other European country, so maybe that’s why.”

“1"m from the middle east. Our cultureincludes: Hookah, Thobes.... Making houses
out of fur (usualy for camping). The shit stuff you're thinking about isislam.”

“Solo 2 isso good... get the 14mm water pipe adaptor for it and it's a vong beast!”
“When washing your bow! (if you're like me who smokes 100 flavor on same bowl
and same hookah). Fully wash the bowl with hot water, use normal towel to dry it,
and place it on stoveto fully dry it

“Almost sitting [sic] cigarettes, down to 1 or 2 aday from 7-8...by next week it
should be oncein 2 days or less. But | don’'t smoke acig today and did sheeshaand
went to the gym straight. IT WAS HORRIBLE...Never again. And not even going
to do sheesha ever.”

“My girlfriend made me try weed before | tried LSD, even though | had no interest
inweed at al. | really don’t like weed at all. It feelslike it clouds my mind, and |
feel likel amtoo heavy...| have smoked hookah for years, so when | went to smoke
weed, | kept clearing the bowl in one hit... Apparently that isn’t good to do for a
first timer”

“Hound dogs pizza! If you're a smoker hookah bars are usually open really late.
Also diners are agood option, fitzys on shrock rd is 24 hours and waffle house and
steak and shake.”

“More than Fumari and Starbuzz | see. | wonde if it is allowed to be smoked at the
hookah loungesin US."

“Sorry, never personally tried Starbuzz Carbine, cannot really compare the draw
differences between them...”
“Serbetli amazing shisha, strong flavor and thick clouds!”
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Table 2. Topics discussed in water pipe-related Reddit posts (n=24,583) during the pandemic.

Topic Percentage of Keywords Example quotations
tokens, n (%)
Friendsspending 3453 (14.05) friend, people,guy, «  “Beforel moved here from Omahal used to frequent the hookah lounge all the
time together talk, play, back, life, time!... My boyfriend and | were thinking about going to one of them the other night
call, time, show but didn’t know which one was gonna be the best option at the time. I’ll definitely
have to check out both though!”

o “Thiswasjust afew weeks ago. Met agirl through hanging with mutual friends at
ahookah bar. We spent acouple hourstalking to each other, and she asked our friend
to give her my number...”

Getting bad feel- 3651 (14.85) smoke, time, people, «  “l think it can bedone. | do hookah sometimes. That doesn’t mean I’ m ever smoking
ings when using feel, day, year, smok- again! | even, can't stand the smell of cigarettes anymore. In your experience and
waterpipe tobac- ing, bad, cigarette, your strength, there are no rules!”
co with other weed «  “Smoke acigarette or cigar or hookah or vape-tobacco, marijuana, herbal, or
substances ANYTHING!! YUCK! Smelly! Stinky! Obnoxious! And Cancer!... did | mention
lung cancer??’
Discussion about 3662 (14.9) tobacco, bowl, smoke, «  “Anything by Mason Shishaware. The Gravyl bowl is the best hookah bowl I've
cod and shisha hookah, coal, shisha, ever smoked hands down.”
flavor flavor, water, taste, «  “It depends on what do you like (| like mixing dark leaf with white, using neutral
heat flavors of dark leaf (dark side tobacco ( as base (grapefruit, orange, banana ( and
add strong tastes of daily hookah (exotic fruits, different cocktails, mint, Red Bull)”
Opening and 4430 (18.02)  bar, lounge, place, «  “til not all non-essential businesses were told to close my distant cousins hookah
closing hookah night, open, home, cafein acity centre in jabodetabek is apparently still open”
bars/lounges back, sit, room, close «  “I really missHookah sincel usually go out to those shopsto smoke em. How much
would it cost to buy home a hookah set?’
Discussion about 4841 (19.69) Hookah, hose, buy, «  “By whip, do you mean like ahookah hose? If so, | LOVE concentrates through
waterpipe acces- pipe, make, glass, one. ZC Glass makes some sweet partsif you ever need splitters or new mouthpieces.”
sories clean, quality, base «  “GlassLung sells hookah style mason jar bongs that have 2 14 mm femal e adapters
SO you can attach awhip and abowl to. They're pretty cool.”
Good feelings 4546 (18.49) Hookah, good, work, «  “Wow, | love the way this hookah looks. Especially the ‘vase'! Hot damn | want
about hookah love, pretty, great, lol, that!”
hit, hooka, big «  “That'spretty awesome! | have a Starbuzz Carbine that has the 360 degree swiv-
el...very nicefeature!”
Discussion might be due to the discussion of pandemic lockdowns. After

Principal Findings

In this study, we showed that the discussion of water pipes on
Reddit was gradually increasing until the beginning of the
COVID-19 pandemic, and then gradually decreased during the
pandemic. There was more discussion about water pipes on
Reddit during the pandemic than before the pandemic. While
the proportion of posts mentioning water pipe use at home did
not change during the study period, the proportion of posts
mentioning water pipe use at lounges or bars significantly
decreased at the beginning of the pandemic, and gradualy
increased. Positive water pipe—related posts were dominant,
and this did not change with the COVID-19 pandemic. The
discussion on water pipes was similar before and during the
pandemic. There was more discussion about the opening and
closing of hookah bars and lounges during the pandemic.

By examining trends in all water pipe—related posts on Reddit
and performing an ITS analysis, we showed that the number of
posts related to water pipe tobacco had a growing trend before
the pandemic. The announcement of COVID-19 as a global
pandemic had a positive effect on this increasing trend, which

https://infodemiology.jmir.org/2023/1/e40913

the sharp increase at the beginning of the pandemic, the number
of related posts started to decrease.

Comparison With Prior Work

Our findings are aligned with those of a study on smoking in
Saudi Arabiathat concluded that the use of cigarettes and water
pipe tobacco has slightly decreased while e-cigarette use has
significantly increased since the pandemic [37]. Our study
focused on noncommercia water pipe smoking—related Reddit
posts. It would be interesting to see how the sales of water pipe
tobacco and accessories changed during the pandemic; thiswas
beyond the scope of this study and will be explored in thefuture.

In this study, we used | ocation-specific keywordsto explore the
impact of the COVID-19 pandemic on mentions of different
locations (hookah bars/lounges or home). This may be the first
study to use social media data to examine how the pandemic
affected water pipe use. Our temporal analysis showed that the
proportion of discussions about hookah lounges and bars
significantly decreased at the beginning of the pandemic and
slowly increased during the pandemic. This trend aligns with
thetimelinefor the pandemic: mgjor lockdowns started in March
2020, when the state of Californiaissued a stay-at-home order;
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then, in May 2020, the US Centers for Disease Control and
Prevention released guidance for reopening the country,
followed by the gradual reopening of the economy in the United
States[38]. The number of people under confinement worldwide
reached its highest point on April 5, 2020, and then started to
decrease [39]. Therefore, our results suggest that the pandemic
might have had some potential impact on water pipe use, based
on mentions of different locations (such as bars and lounges)
on Reddit during the pandemic. Due to the lockdown at the
beginning of the pandemic, many hookah bars or lounges were
closed or not accessible, which might haveled to fewer mentions
of hookah bars and lounges on Reddit. With fewer restrictions
during the later lockdowns, some hookah bars and lounges
started to open, and people began searching for possible social
activities, such as hanging out at hookah bars and lounges with
their friends, which might have resulted in more mentions of
hookah bars and lounges on Reddit. The proportion of
discussions about using water pipe tobacco at home was low,
which indicates that fewer people smoked water pipe tobacco
at homein general.

Most of the Reddit posts related to water pipes had positive
sentimentsin our study. Sentiment analysis of water pipe—related
posts on Twitter showed that 59.5% (352,116/591,792) of tweets
had a positive attitude, while 30% (177,537/591,792) had a
negative attitude, and 10.5% (62,139/591,792) had a neutral
attitude [40]. We further showed that there was no change in
the sentiment of water pipe—related posts before and during the
pandemic, suggesting that the pandemic did not impact the
public perception of water pipes.

By comparison, we showed that the most popular topicsin water
pipe—related postswere similar before and during the pandemic,
including “friends spending time together while smoking
waterpipe tobacco,” discussions about waterpipe-related
products,” and “getting bad feelings when using waterpipe
tobacco with other substances like cigarettes and weed.”
However, we did notice that while discussion of hookah bars
and lounges was present in posts both before and during the
pandemic, the focus of the discussion shifted to the opening
and closing of hookah bars and lounges after the pandemic
started. In addition, before the pandemic people frequently
posted and discussed hookah culture around the world, and this
became less popul ar during the pandemic. The great number of
travel bans and restrictions caused by the pandemic might be
one of the possible reasons for this change [41].

Limitations

There are several limitations to our study. First, asthe magjority
of Reddit users are from North America, our data set may not
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be representative of the global discussion about water pipes
during the pandemic [25]. Given the unique socia context of
water pipe smoking in the United States, the findings are not
generalizable to all countries, especially those countries where
water pipe smoking may primarily occur alone or in private
homes[42]. Dueto thelack of detailed geolocation information
for Reddit users, we could not compare the potential impact of
the COVID-19 pandemic on water pipe tobacco smoking in
Canada and the United States. Therefore, it will be important
in the future to examine how the pandemic might affect the use
of water pipe or other tobacco products in different countries
with different lockdown policies, especialy how tobacco
product users changed their user behaviors. Second, the Reddit
data that we used in this study were historical data, so some
water pipe—related Reddit posts might have been del eted, which
would have introduced bias to our results. Third, although we
examined temporal trendsin the percentage of discussions about
water pipes and specific locations, we could not distinguish
posts about actually smoking water pipes in hookah bars and
lounges from discussions about reopening hookah bars and
lounges. Fourth, some water pipe users who searched for other
locations during the pandemic might not have mentioned it on
Reddit, which could also have brought bias into our results.
Finally, the sentiment analysis was performed at the post level,
so it may not have reflected the actual attitude of Reddit users
toward water pipes.

Conclusions

Our study providesathorough analysis of the potential influence
of the COVID-19 pandemic on public perceptions and
discussions about water pipes on Reddit by performing temporal
analysis and comparing sentiments and topics discussed before
and during the pandemic. Our findings show that during the
pandemic, especially during lockdowns, mentions of opening
or closing of hookah bars and lounges on Reddit gradually
increased, suggesting that people were searching for
collaborative activities, such as water pipe tobacco smoking in
hookah bars and lounges with their friends. Our study shows
the potential impact of the pandemic on water pipe tobacco
smoking, such as the closing of hookah bars and lounges; this
might create an opportunity for public health authorities to
communicate with the public during lockdowns about what kind
of health collaborative activities they should search for instead
of water pipe tobacco smoking. Our study al so provides another
valid data source obtained from social media for studying the
pandemic and any other important public health issues,
considering the increasing preval ence of social mediauseinthe
modern world.
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Abstract

Background: Antivaccination views pervade online social media, fueling distrust in scientific expertise and increasing the
number of vaccine-hesitant individuals. Although previous studies focused on specific countries, the COVID-19 pandemic has
brought the vaccination discourse worldwide, underpinning the need to tackle low-credible information flows on a global scale
to design effective countermeasures.

Objective: This study aimed to quantify cross-border misinformation flows among users exposed to antivaccination (no-vax)
content and the effects of content moderation on vaccine-related misinformation.

Methods: We collected 316 million vaccine-related Twitter (Twitter, Inc) messages in 18 languages from October 2019 to
March 2021. We geolocated usersin 28 different countries and reconstructed a retweet network and cosharing network for each
country. We identified communities of users exposed to no-vax content by detecting communities in the retweet network via
hierarchical clustering and manual annotation. We collected alist of low-credibility domains and quantified the interactions and
misinformation flows among no-vax communities of different countries.

Results: The findings showed that during the pandemic, no-vax communities became more central in the country-specific
debates and their cross-border connections strengthened, revealing a global Twitter antivaccination network. US users are central
in this network, whereas Russian users also became net exporters of misinformation during vaccination rollout. I nterestingly, we
found that Twitter's content moderation efforts, in particular the suspension of users following the January 6 US Capitol attack,
had a worldwide impact in reducing the spread of misinformation about vaccines.

Conclusions: Thesefindings may help public health institutions and social media platforms mitigate the spread of health-rel ated,
low-credibility information by revealing vulnerable web-based communities.

(JMIR I nfodemiology 2023;3:e44714) doi:10.2196/44714

KEYWORDS
vaccination hesitancy; vaccine; misinformation; Twitter; social media; COVID-19

: purview of the broader public. Restrictions around vaccination
Introduction created an additional potential toimpact one’s personal freedom
Background and the world economy, as well as one's health. However,

. o vaccination hesitancy continuesto limit theimpact of thishighly
The COVID-19 pandemic has extended vaccination from the  gttective intervention [1]: hundreds of thousands of lives were
purview of parents and health-compromised individuals to the
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lost to COVID-19 that could have been prevented with
vaccinations in the United States alone [2].

Vaccination hesitancy is a complex issue that has been
associated with science denia [3], aternative health practices
[4], and belief in conspiracy theories [5]. Among the many
factors contributing to vaccine hesitancy is the spread of
misinformation, especially on the web [6,7]. The impact of
antivaccination content on online social media (OSM) may be
compounded by the so-called echo chamber effect [8], in which
users beliefs are reinforced through interactions with
like-minded peers [9-11]. Created by the interplay of (1)
homophily between users’ interactions and (2) polarization of
the debate, echo chambers arise from a combination of the
psychological tendencies of confirmation bias and selective
exposure [12-14] together with algorithmic optimization for
greater engagement at the cost of content diversity [15].
Importantly, echo chambers have also been found on OSM in
the discussions around vaccination [16-19].

Thusfar, scientific studies of the debate around vaccination on
OSM have focused on specific countries [17,18,20,21] or
English-speaking users [19]. Nevertheless, the COVID-19
pandemic has brought the vaccination discourse to a global
scale [22], creating a deluge of international news around the
devel opment and deployment of COVID-19 vaccines, including
low-quality content and misinformation [23]. The danger of
this“infodemic” was acknowledged in mid-2020 by the United
Nations and World Health Organization, which called for the
member states to develop and implement the necessary action
plans [1,24]. Thus, it is imperative to understand the flow of
antivaccine—or no-vax—information not only nationally but
alsointernationally to obtain a bird’'s-eye view on the topic and
inform effective communication campaigns.

To address this need, in this work, we focused on the Twitter
(Twitter, Inc) platform by leveraging 316 million tweetsrelated
to vaccines in 18 different languages from a pre-COVID-19
pandemic erato April 2021 to quantify misinformation flows
among users in no-vax communities across national borders
and identify which countriesare central in the global vaccination
debate. To this end, we first investigated (1) how polarized, in
terms of echo chambers phenomenon, the vaccination debate
isin different countries over time to identify users in no-vax
communities and (2) how susceptible, in terms of circulation
of information, these no-vax communities are to low-quality
infformation. We proposed a flexible, language-neutral
community detection approach and combined it with
human-in-the-loop expert knowledge to track polarization and
echo chambersin different countries and time periods. We show
that communities in which no-vax content was shared (1)
increased in number during the pandemic, (2) became less
isolated in the national vaccination debate, and (3) displayed
much stronger cross-border connections than the rest of the
users. Alarmingly, users in these communities tend to heavily
rely on low-credibility information sources and to spread it
across national borders, resulting in international spillovers of
misinformation through a global no-vax network.

https://infodemiology.jmir.org/2023/1/e44714
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Related Works

Vaccination deliberation on Twitter has been studied mainly in
English and in the United States [25-27]. However, recently,
the platform has gained attention from researchers also focusing
on European countries. Before the pandemic, an analysis of the
Dutch Twitter revealed an antagonistic relationship between an
“anti-establishment” community and the community of
journalists and writers, reinforcing the “arrogance of the elite”
world view intheformer [28]. On the Italian Twitter, the debate
around vaccination revealed polarization in terms of retweets
(RTs), where vaccine skeptics often mentioned vaccine
advocates (generally in attacks), whereas the advocates seemed
to ignore the skeptics altogether [17]. Outside Europe, a
randomized study on Indonesian Twitter showed theimportance
of celebrity endorsement in message engagement and that the
inclusion of theinformation sourceis associated with decreased
propagation [29]. The COVID-19 pandemic has spurred
increased attention to this topic. A recent examination of
vaccine-critical actors on Francophone Twitter found that their
placein discussions on vaccines hasremained rel atively constant
during the pandemic compared with the mainstream media[20].
Furthermore, Crupi et al [18] studied the Italian Twitter during
the rollout of the COVID-19 vaccinations, showing greater
engagement across vaccine-supporting and hesitant communities
in terms of mentions and similarity between the communities
in the topics discussed.

Attempts to study the flows of vaccination discussion across
borders have thus far been limited to dyadic relationships and
English. A study of Canadian Twitter users found that most
misinformation circulating on Twitter that was shared by
Canadian accounts was retweeted from US-based accounts and
that increased exposure to US-based information on Twitter is
associated with an increased likelihood to post misinformation
[30]. Beyond Twitter, Ng et a [22] examined news articles
about COVID-19 from 20 countries, identifying the shift in
narratives as the pandemic occurred. However, the data were
limited to the English language and failed to capture the local
language coverage. Unlike the previous studies, our study
tracked the vaccination debate in the native languages of
numerous countries to systematicaly study the flow of
information (and potential misinformation) across national
borders.

The most concerning aspect of the vaccination debates studied
here is that misinformation may damage the confidence in the
procedure. Controlled exposure studies have shown that
web-based misinformation—especialy misinformation that
sounds scientific—negatively impacts vaccination intent in
participants in the United States, United Kingdom [31], and
New Zealand [32]. A panel study of US Twitter users found
that the risk of average users occasionaly sharing
misinformation was alarmingly high, despite socia bots
contribution to misinformation sharing being “ surprisingly low”
[33]. Although some efforts have been made toward using
high-quality, manually annotated data sets for identifying
misinformation [34], the quality of the cited URL domainsis
often used as a gauge of the quality of the tweet's content
[35,36]. Inthis study, we used asimilar approach by combining
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lists of low-credibility domains from several languages and
countries.

Beyond content analysis, an important aspect of information
and misinformation spread is the network structure underlying
such dynamic processes. Echo chambers in the Twitter debate
around the impeachment of former Brazilian President Dilma
Rousseff have been shown to alter the diffusion of information
between the supporters and opponents of theimpeachment [37].
A similar methodology has been used to compare different
topicsacross social media[8], highlighting that Facebook (Meta
Patforms, Inc) showsahigher segregation of news consumption
than Reddit (Reddit Inc). Along the same research line, the
Random Walk Controversy (RWC) score [38] quantifies how
controversial the topics discussed over a certain social network
are as the probability of an average user being exposed to
information from their own side versus from the opposing side.
Although several studies addressthe presence of echo chambers
on social mediaand their effect on information diffusion, little
to no efforts have been devoted to understanding the echo
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chamber effects within cross-border information spreading,
which we examined in this study.

Methods

Overview

The methodol ogy of the data processing pipelineisoutlined in
the flowchart in Figure 1. First, we used the Twitter Streaming
application programming interface (APl) to collect a
multilingual data set, which we geolocated using the GeoNames
database [39]. To identify potential misinformation, we found
lists of low-credibility domains in different languages. For the
selected countries, we built 2 networks, RT and cosharing (CO;
identified by users sharing the same URLS), and applied
clustering to find communities. We then manually labeled (in
2 stages) samples of tweets from these communitiesto identify
communities in which users were likely to encounter no-vax
content. Finally, we computed several measures to quantify
network polarization and information CO, as well as the
intensity of cross-national interactions among no-vax
communities.

Figure 1. Flowchart of data processing, network extraction, community clustering, and community labeling. RT: retweet; CO: cosharing; novax: number
of tweets labelled as discrediting vaccines per community; provax: number of tweets |abelled as supporting vaccines per community.
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Data Set

We began by assembling a list of vaccine-related words
tranglated into 18 different languages (vaccine, novax, measles,
MMR, vaccinated, etc), obtaining a set of 459 keywords (see
querieshere[40]). Anexisting list from previouswork [17] was
expanded by iterative querying of Twitter and expanding the
list until no new keywords could be found. Native speakers
were then recruited to trand ate the words into other languages
and were instructed to include different common grammatical
variations or local relevant keywords. For each language, we
query the Twitter Streaming API [41] for the tweets containing
the keywords in that language (translated by volunteer native
speakers) and keywordsin English by applying alanguagefilter.
For analysis, we chose four 3-month periods:; (1) pre-COVID-19
pandemic period, from October 1, 2019, to December 31, 2019;

https://infodemiology.jmir.org/2023/1/e44714

label 10 most
popular tweets

if total novax > 10
label community as novax

(2) prevaccine period, from July 1, 2020, to September 30, 2020;
(3) vaccine development period, from October 1, 2020, to
December 31, 2020; and (4) vaccinerollout period, from January
1, 2021, to March 31, 2021. Figure 2 presents asummary of the
daily volume of the data set. The volume increased by 2 orders
of magnitude during the pandemic, from 6 million tweetsinthe
3-month pre-COVID-19 pandemic period to 39 million tweets
in the prevaccine period to 91 million twests in the vaccine
development period to 178 million tweetsin the vaccinerollout
period. To check the completeness of our data, we ran an
Historical API [42] inthe pre-COV1D-19 pandemic period with
the same keywords. Owing to account suspension or post
removal by the users themselves, awide fraction of the tweets
(72%) was not retrieved by this API, showing that such a data
set cannot be retrieved by aretrospective search. Moreover, we
took advantage of the passage of timeto revisit the most notable
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accounts (present in the networks described subsequently) using
the Twitter Get User API call [43] to check on their status,

Lenti et d

specifically noting whether the accounts have been suspended
by the platform or deleted by the users.

Figure 2. Volume of the vaccination debate on Twitter. Some external events with a substantial impact: (A) August 11, 2020: Sputnik V vaccine
announced; (B) November 9, 2020: Pfizer-BioNTech vaccine announced; (C) December 18, 2020: Moderna vaccine announced; and (D) January 4,

2021: first AstraZeneca vaccine inoculation.
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Geolocation

To capture country-specific dynamics of the socia networks,
we geol ocated the users: we matched the location they provided
in their description with the geographical database of locations
from GeoNames. Manually verifying the matching accuracy,
we filtered out >500 words often associated with nonlocations
in this field. To further limit incorrect geolocations, we (1)
removed the geolocation of users who changed their country
locations during the observed period and (2) manually inspected
usersresponsible for >50% of RTs between 2 pairs of countries
in 1 period, assuming that auser who isheavily retweeted from
another country ismore likely to bewrongly geolocated. Under
these conditions, we geolocated 48.7% of the users. This then
allowed us to select countries for the study (as the focus was
on the Western languages, we sel ected countries from Europe,
North America, South America, and Oceania). To thisend, we
filtered countries with >2000 unique users in each period,
obtaining 28 countries spanning 11 languages. Figure Sl in
Multimedia Appendix 1 provides further details on the volume
of tweets per language. The total number of different users
geolocated in the chosen countriesis 14.9 million, corresponding
t0 39.4% of the total number of users of the data set.

L ow-Credibility Domains

Following the previous literature on misinformation tracking
[44,45], we collected a list of low-credibility domains. As
sources of low-credibility websites, werelied on Bufale (Italian)
[46], Wikipedia (English) [47], Media Bias/Fact-Check
(English) [48], Le Monde (French) [49], and dwrean (Greek)
[50], obtaining a list of 1732 domains. The fact that we were
unable to find lists for less-used languages is an important
limitation of this work, which we discuss in the Discussion
section.

Networ k Reconstruction

For each country, for each period, we built an RT network and
a CO network. To limit the number of geolocation mismatches
and filter users belonging to debates in other countries, we
constrained the tweets considered for each country to the most

https://infodemiology.jmir.org/2023/1/e44714

common language in our data from that country among the
languages spoken in the country (according to Wikipedia). The
RT network is a directed weighted graph, where each node is
a user, and the weight of the directed link ij is the number of
times that user i retweeted user j. The CO network is an
undirected weighted graph, where each node represents a user,
and the weight of the undirected link ij isthe number of unique
URLs shared by both the users. In order to aleviate the
computational cost of the network analyses, we filtered out the
edges with weight equal to 1 (just 1 retweet) for the networks
with more than 200.000 nodes. This filter affects the RT and
CO networksin the United States (all periods), Brazil (PD, VD,
and VR periods), Great Britain (VD and VR), and Spain and
Mexico (VR period). Thisfilter affectsonly the country-specific
analyses of the RT networks, without influencing the later
cross-country analysis and the findings about suspended
accounts. When considering the constructed networks, we
focused on the Giant Connected Component (GCC). On average,
the GCC of the RT network contains 92% of its nodes, while
the GCC of the CO network contains 76% of its nodes. In
addition, we measured the Overlap Coefficient (OC) between
the sets of usersin the RT and CO networks. The OC is defined
astheratio of the size of the intersection of 2 sets, A and B, to
the size of the smaller set, that is, OC(A,B) =|A n B|/ min(|A],
[B]). During the vaccine rollout period, the OC between the sets
of users in the RT and CO networks increases from 0.72
(pre—COV1D-19 pandemic period) to 0.86, indicating that more
people are sharing URLs. The total humber of users in the
reconstructed RT and CO networksis 2.7 million.

Hierarchical Clustering

Next, we applied a community detection algorithm to cluster
the users of