JMIR INFODEMIOLOGY Ivanitskaya & Erzikova

Original Paper

Visualizing YouTube Commenters’ Conceptions of the US Health
Care System: Semantic Network Analysis Method for
Evidence-Based Policy Making

LanaV Ivanitskaya®, PhD; Elina Erzikova?, PhD

IHealth Administration, School of Health Sciences, The Herbert H. and Grace A. Dow College of Health Professions, Central Michigan University,
Mount Pleasant, M, United States

2Strategic Communication, School of Communication, Journalism and Media, College of the Arts and Media, Central Michigan University, Mount
Pleasant, MI, United States

Corresponding Author:

LanaV lvanitskaya, PhD

Health Administration, School of Health Sciences

The Herbert H. and Grace A. Dow College of Health Professions
Central Michigan University

208D Rowe Hall

Mount Pleasant, M1, 48859

United States

Phone: 1 989 774 1639

Email: ivanilsv@cmich.edu

Abstract

Background: The challenge of extracting meaningful patterns from the overwhelming noise of social media to guide
decision-makers remains largely unresolved.

Objective: This study aimed to evaluate the application of a semantic network method for creating an interactive visuaization
of social media discourse surrounding the US health care system.

Methods: Building upon bibliometric approaches to conducting health studies, we repurposed the VOSviewer software program
to analyze 179,193 YouTube comments about the US health care system. Using the overlay-enhanced semantic network method,
we mapped the contents and structure of the commentary evoked by 53 YouTube videos uploaded in 2014 to 2023 by right-wing,
left-wing, and centrist media outlets. The videos included newscasts, full-length documentaries, political satire, and stand-up
comedy. We analyzed term co-occurrence network clusters, contextualized with custom-built information layers called overlays,
and performed tests of the semantic network’s robustness, representativeness, structural relevance, semantic accuracy, and
usefulness for decision support. We examined how the comments mentioning 4 health system design concepts—universal health
care, Medicare for All, single payer, and socialized medicine—were distributed across the network terms.

Results: Grounded in the textual data, the macrolevel network representation unveiled complex discussions about illness and
wellness; health services; ideology and society; the politics of health care agendas and reforms, market regulation, and health
insurance; the health care workforce; dental care; and wait times. We observed thematic alignment between the network terms,
extracted from YouTube comments, and the videos that €licited these comments. Discussions about illness and wellness persisted
across time, as well as international comparisons of costs of ambulances, specialist care, prescriptions, and appointment wait
times. Theinternational comparisonswerelinked to commentarieswith ahigher concentration of British-spelled words, underscoring
the global nature of the US health care discussion, which attracted domestic and global YouTube commenters. Shortages of
nurses, nurse burnout, and their contributing factors (eg, shift work, nurse-to-patient staffing ratios, and corporate greed) were
covered in comments with many likes. Comments about universal health care had much higher use of ideological terms than
comments about single-payer health systems.

Conclusions:  YouTube users addressed issues of societal and policy relevance: social determinants of health, concerns for
populations considered vulnerable, health equity, racism, health care quality, and access to essential health services. Versatile
and applicableto health policy studies, the method presented and evaluated in our study supports evidence-based decision-making
and contextualized understanding of diverse viewpoints. Interactive visualizations can help to uncover large-scale patterns and
guide strategic use of analytical resources to perform qualitative research.
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Introduction

Background

The US health care system, characterized by high costs[1] and
perceived to fall “far short of itspotential” [2], has been afocal
point for media attention and public commentary over the past
decade. Discussions have revolved around topics such as the
repeal of Obamacare, presidential health care agendas, the
exorbitant costs of health care, comparisonsto systemsin other
nations, and postpandemic health care personnel shortages.
Throughout this period, conservative, moderate, and liberal
media outlets have produced a variety of content, including
newscasts, full-length documentaries, political satire, and
stand-up comedy, all centered on theintricacies of the US health
care system [3-6]. When disseminated through YouTube
(GoogleInc), the most popular platform among US social media
users [7], select videos have generated millions of views and
tens of thousands of comments. To the best of our knowledge,
the perspectives of YouTube commenterson the US hedlth care
system and itsreform, despite their considerable valuefor policy
analysis, remain unexplored.

Objectives

Social media discussions are abundant, but they are often
chagtic, noisy, indignant, and hateful [8-11]. There is a need
for a method that effectively visualizes large volumes of
commentary, filters out the noise, and highlights key patterns,
making the information more digestible for stakeholders. The
current state of social media research falls short of efficiently
and clearly disseminating scientific outputsto diverse audiences.
In quantitative social mediastudies, the constraints are statistical
and graphical outputs with low idea density or high decoding
requirements, which often require specialized knowledge. In
qualitative studies, researchers communicate analytical outputs
as summaries of themes and subthemes with representative
guotes; however, they are based on limited data samples.

To address these challenges, we propose a mixed methods
approach of mapping social mediacommentary. This approach
combines automation and human judgment to create a visual
representation of social mediacomments’ contentsand structure,
presenting them as a semantic network [12]. This methodol ogy
is particularly relevant for researchers, policy makers, and the
wider public seeking a better understanding of complex social
media narratives. We repurpose VOSviewer (Centrefor Science
and Technology Studies at Leiden University), a user-friendly
bibliometric tool, to analyze tens of thousands of social media
comments on YouTube regarding the US health care system.
In this study, semantic networks are graphical representations
of social media comment meanings. Nodes represent terms
frequently mentioned in YouTube comments, linked and
grouped into clusters based on their co-occurrence.
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Since their introduction in 2010, VOSviewer algorithms have
been extensively applied to build term co-occurrence networks
from thetext of articletitlesand abstracts[13-20]. Visualization
of nonbibliometric textual data as semantic networks in
VOSviewer was proposed in 2011 [21], followed by early
visualizations of Twitter and YouTube discussions ([22-25]).
Subsequent explorations of VOSviewer’s applicationsto social
media comments and hashtags primarily led to cluster mapping
([26-35]). Notably, some scholars enhanced their cluster maps
with informational layers called custom overlays to reveal
patterns not visible in the base network [36-38].

Previous research compared VOSviewer semantic networks to
networks generated from manually coded Twitter text [26].
However, there have been few systematic evaluations of
VOSviewer-generated semantic networks derived from social
media data. Consequently, our overarching goal is to evaluate
VOSviewer’s application to socia media data: Can it produce
credible semantic networks to be used as analytical and
communication tools? Wetest VOSviewer’sterm co-occurrence
map with custom-built overlays by posing 3 research questions:

1 How well doesthe VOSviewer network capture the content,
context, and structure of social media comments?

2. What does it reveal about a decade-long online public
discussion of the US health care system?

3. What is the policy analysis value of VOSviewer
visualizations?

Methods

Semantic Networ k Constr uction

VOSviewer generates acustom semantic network by processing
acorpus text file featuring social media comments. Our corpus
comprised the text of primary comments and first-level replies
to 53 videos shared by 17 US-based media outlets on their
respective YouTube platforms between 2014 and 2023. The
videoswere sourced from news outl ets such as Consumer News
and Business Channel, Cable News Network, Fox News, and
Public Broadcasting Service Frontline. Detailed criteria for
video selection and video characteristics are outlined in the
Tables S1 and S2 in Multimedia Appendix 1 [39]. After
eliminating 5575 duplicate comments from the initial dataset
of primary comments at first-level responses, our final corpus
encompassed atotal of 179,193 unique comments.

VOSviewer processes YouTube comments by detecting
sentences, applying the Apache Software Foundation’'s
OpenNLP library algorithm for part-of-speech tagging,
identifying terms as nouns and the longest noun phrases, and
unifying termsthrough various methods[17,18]. From aninitial
pool of 1948 terms appearing in at least 60 comments, a subset
of 323 (16.58%) terms related to the US health care system,
such as Obamacare, prescription, and wait time, was selected
for thefinal semantic network. A detailed term sel ection process,
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including manual screening and thesaurus construction, is
described in Multimedia Appendix 1.

By digtilling 179,193 comments into a network with severa
hundred nodes, amacro model of YouTube video commentaries
was created, providing insight into socia media users
discussions on US health care. In this network, terms are
interconnected and organized into distinct, nonoverlapping
clusters[15,19,20]. A cluster isagroup of termstightly linked
within the group and loosely connected with terms outside it.
If >1 term was extracted from the text of the comment, it is
possible for the same comment to be represented by multiple
nodesin multiple clusters. We did athematic analysis of clusters
to gain insights about the US health system discourse.

We addressed limitations observed in previously published
semantic networks by enhancing the network’s informational
value. First, we added custom overlays to VOSviewer’s map,
which displays the color of network nodes based on selected
attributes. To build overlays, we coded each comment to reflect
the theme of its YouTube video and added these codes, along
with other comment characteristics (eg, comment date), to a
scoresfile, which was upl oaded to the VOSviewer together with
our corpus file that contained YouTube comments (for more
information on building corpus and scores files, refer to
Multimedia Appendix 1). Second, we presented findings with
hyperlinks to VOSviewer Online for broader accessibility and
interactive engagement with our semantic network.

Network | nterpretation and Evaluation

The evaluation of the US health care system’s semantic network
and its overlays was structured as follows. A comparison of 2
networks, before and after the deletion of repeated comments,
served as a test of network robustness. Thematic alignment
between the network terms, extracted from YouTube comments,
and the videos that elicited these comments was a test of
network’s content representation.

To examine structural relevance, we asked if network
relationships reflected the underlying meanings evident in
YouTube comments. We examined clusters. Do terms in the
same cluster have more similar meaningsthan termsin different
clusters? We also examined pairs and groups of interconnected
terms. Are they used together in the source data? Do their
relationships align with existing knowledge? A comprehensive
analysis of all pairs or term groups is outside of the scope of
this study. For practical reasons, we engaged in close reading
of alimited number of comments, focusing mainly on smaller
nodes. When the number of comments exceeded 200, we
randomly sampled 200 comments to cover discussions of
different videos, taking care to sample more than once when
we encountered heterogeneous ideas that required careful
interpretation. When =2 nodes were examined, we used close
reading of comments that mentioned all selected terms.
Following the approach by Eve [40], network visualizations
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were used to locate “points of interest, which are then
resynthesized into close readings”

In addition, we performed tests of semantic accuracy through
raw data verification. Specifically, we cross-checked ambiguous
or unexpected terms in our network against the comments that
mentioned them. The analysis involved multiple readings of
each comment to capture nuances of how individuals articulate
their experiences or opinions of the US health care system,
focusing on the words that were extracted as terms, their
meaning, and context. On several occasions, for example, when
performing a close reading for ideology, we offered brief
summaries of the main ideas expressed by the commenters. Our
validation of semantic network findings against extant comments
adhered to the principles for quantitative text analysis outlined
by Grimmer and Stewart [41].

Finally, we tested the usefulness of semantic network analysis
for generating policy-relevant insights. We picked 4 health
system design concepts—universal health care, Medicare for
All, single payer, and socialized medicine—and examined how
the comments mentioning these concepts were distributed across
the termswe mapped. For insightsinto the policy ramifications
of public perceptions of health system design, we focused on
ideological terms and those with the highest share of comments
referring to each concept.

Ethical Consider ations

Ethicsapproval for this study was sought from Central Michigan
University’sIngtitutional Review Board (project 2023-1021-Mt.
P). The study did not meet the definition of human participant
research under the purview of the ingtitutional review board
according to federal regulations. The study used publicly
accessible user-generated YouTube comments. The data were
deidentified and aggregated before analysis. Asthe results are
presented in an aggregate form, individual commenters cannot
be identified. Informed consent has not been obtained. No
compensation was provided to comment contributors.

Results

A Semantic Network of Term Co-Occurrence and
Clustering

From a manually screened list of 539 terms occurring in our
corpus at least 60 times, VOSviewer’'s algorithm assisted in the
selection of 323 (59.9%) most relevant terms[19]. Figure 1 [42]
shows a 7-cluster solution for aterm co-occurrence network.

On average, each term represented 357.74 (SD 606.88; median
163, IQR 104-321) comments. The longer the comment, the
greater the likelihood that multiple terms were extracted from
it. VOSviewer assigns cluster numbers based on the quantity
of nodes; the same cluster numbers appear in our online
interactive maps (URLs are provided in the notes of Figure 1).
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Figure 1. A co-occurrence network (cluster map) of terms extracted from the comments on 53 YouTube videos about the US health care system.
Binary-counted terms that occurred =60 times were mapped. An interactive map is available from Leiden University’s VOSviewer app.
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Cluster 1 (red) emerged as the largest group of nodes, covering
chronic diseases, treatment, pain, and death. Its diverse terms
also included topicsrelated to disease prevention (diet, exercise,
and smoking), mental health (ADHD
[attention-deficit/hyperactivity — disorder,] anxiety, and
depression), and end-of-life issues (hospice, euthanasia, and
do-not-resuscitate). Below it, cluster 2 (green) terms covered
services, encompassing surgeries, emergency medical services,
procedures, diagnostics, wait times, and discussions about public
versus private health organizations and prescription medications.
On the right, cluster 3 (dark blue) had terms about political
ideologies, economic, societal, and cultural issues, surrounded
by nodes from cluster 4 (yellow) related to political actors,
institutions, the 2010 Patient Protection and Affordable Care
Act (ACA or Obamacare), market regulation, and insurance
terminology. The top of the map displayed a group of terms
(cluster 5, purple) dedicated to heath worker shortages,
nurse-to-patient ratios, and nurses' burnout. Dental care terms
formed a group on the lower |eft (cluster 6, light blue). Finally,
a5-node group (cluster 7, orange) at the bottom of the map had
terms related to long wait times by patients with cancer who

https://infodemiol ogy.jmir.org/2025/1/€58227

RenderX

JIJ
(_\.' 100

required urgent treatments, aswell as further away terms DMV
(Department of Motor Vehicles) and death panel.

The network displayed a rather coherent collection of terms,
the meaning of which could be intuitively understood within
the context of the US health care, with a few exceptions. For
instance, as we manually selected terms for map inclusion, we
checked the use of an ambiguousterm DMV in YouTube users
comments. DMV was mentioned as a metaphor in a debate of
government-managed health care efficiency. It was retained
dueto itsrelevance to the health care discourse.

Theinterpretive value of our network extended beyond asimple
list of terms. The network specified links between terms that
were often mentioned together, for example, pricing and
transparency in cluster 4. Meaning extraction wasfurther aided
by the analysis of spatial proximity, cluster assignment, and
cluster boundaries. For example, preexisting condition, as a
term of interest, was directly and most strongly linked to
Obamacare and ACA, which were mentioned with preexisting
condition in multiple comments. This finding was consistent
with a key ACA provision:; insurance companies cannot use
applicants’ medical history to deny coverage or charge higher
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premiums based on their preexisting conditions [43]. Network
structure’s alignment with existing knowledge speaks to its
structural relevance. Preexisting condition is located close to
premium,deductible, pricing, market-related terms, and
government regulation from cluster 4 about politics, as well as
to private health insurance and copay on the far right of cluster
2, which is mostly dedicated to health care services. Therefore,
when YouTubers discussed the US hedlth care system, they
used a noun phrase preexisting condition at the semantic
intersection of health care politics and legislation, insurance
pricing, and health services access.

In summary, the 323 networked terms, identified as most
relevant by VOSviewer, unveiled discussions about illness and
wellness; health services; ideology and society; the politics of
health care agendas and reforms, market regulation, and health
insurance; health care workforce; dental care; and concernssuch
aslong wait times.

Before we removed 5575 duplicate comments, our original
cluster map (Figure S1 in Multimedia Appendix 1) was quite
similar to the cluster map in Figure 1. Our inquiry into the
medical debt cluster comments uncovered repeated comments
by a single YouTube user. After deletion, this cluster
disappeared, but the network’soverall structurelargely remained
intact, demonstrating its robustness.

Next, we examined clusters and nodes using overlays that
reflected 2 aspects of the YouTube platform: the videos that
elicited comments and the commentary itself. We assessed the
usefulness of custom overlays as contextualization tools: Do
they improve our understanding of nodes, node groups, and
clusters? While we presented data on both video attributes and
comment attributes, our analysis prioritized overlays depicting
comment characteristics because they are more valuable for
understanding digital publics' discussion of the US health care
system.

Distribution of Video GroupsAcross Network Clusters

Thematic alignment between the video content that elicited the
commentary and the commentary itself speaks to the content
representativeness of the VOSviewer term co-occurrence
network. The distribution of comments from 10 thematically
diverse YouTube video groups across our term network isshown
in overlaysin Figure S2 in Multimedia Appendix 1. Our main
findings are summarized in Table 1.

We observed substantial thematic congruence between video
content and cluster terms. Nodes with above-average
concentrations of commentsrelated to the health care workforce
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were closely grouped in cluster 5, encompassing terms about
nurses, staffing shortages, and management. Unlike most nodes
in cluster 5, which were associated with health care workforce
videos, the term respect had an above-average share of
comments related to ACA and Obamacare reform videos. Our
analysis of comments indicated that commenters mentioned
respect for nurses, which explained the placement of respect in
cluster 5. In addition, many comments on ACA and Obamacare
reform videos expressed respect for Senator John McCain, which
explained the connection between the term respect and McCain.
Respect’s placement within cluster 5 but at its outer boundary,
in the direction of node McCain, coupled with video overlay
evidence, suggested semantic accuracy and structural relevance
of our network.

Videos from 2 groups (health care policies, politics, ACA, and
Obamacare reform) generated comments in cluster 4, which
consisted of numerous political and reform-related terms. In
addition, videos about health costs, one of which was titled
“Dollars and Dentists,” elicited discussions of dental care
(cluster 6). Comments on videos about health care systemsin
different countries produced terms that appeared in multiple
clustersbut mostly in cluster 2 about health services and cluster
7 about long wait time concerns. At the sametime, aHome Box
Office video “Medicare for All” featuring John Oliver and a
Netflix video featuring stand-up comedians making jokes about
the US health care produced commentsin nodes scattered across
the map. The Netflix video showcased many comedians and
topics, one of whom, Wanda Sykes, spoke about opioids from
the perspective of racial and ethnic minority people. A
commentary on this topic appeared in nodes pain and
prescription (left side of the map) and race/racism, Black
person, and White person (right side of the map), where
commenters debated racial disparitiesin pain medicine access.
For race-related nodes, the share of comments on the Netflix
video (comedy on the US health care) varied between 1% and
8%, indicating that it was not the only video prompting the
discussion. Thisfinding isnot unique; it was common for terms
to represent commentaries to awide variety of videos or video
groups.

Across al video group overlay legends, the highest scale
midpoint was 0.25 for videos about health care costs and
financial issues. It means that, on average, 25% (SD 14%) of
comments within a term come from that video group. Across
323 map terms and 10 video theme overlays, there were only
11 (0.34%) instances (out of 3230 possible instances) where
terms represented >90% of commentsfrom asingle video group.
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Table 1. Characteristics of videos that elicited comments related to cluster-specific terms.

Ivanitskaya & Erzikova

Cluster number
(color)

Topica areas

Cluster’s 10 largest terms

Video groups that elicited comments related to most,
some, or specific terms within a cluster

1 (red) Illness and wellness, in-  Cancer, death, pain, food, disease, diabetes,
cluding mental health young generation/person, life expectancy,
and end of life chemotherapy, and cure

2 (green) Health services Surgery, ambulance (ride), prescription, ap-

pointment, wait time, specialist, insulin, testing,
copay, and emergency room

3 (dark blue) ldeology and society Socialism (socialist), capitalism (capitalist),

€conomy, war, communi sm (communist), secu-
rity, media, police, crime, and democracy

4 (yellow) Health care politics, re-  Trump, Biden, Obamacare, Republican,
form, market regulation, Democrat, McCain, premium, voting, free
and insurance market, and debate

5 (purple) Health care workforce Nurse/nursing, staff, Covid-19, vaccine, pan-

demic, respect, shortage, management, CEOb,
and shift

6 (light blue) Dental care Dentist, teeth, dental care, dentistry, implant,

dental insurance, cleaning, cavity, filling, and
brace

7 (orange) Concerns Long wait time, cancer patient, DMV, urgent

treatment, and death panel

Children’s health care (some terms)

End-of-life health care (some terms)

Health care systemsin different countries (young
generation/person and life expectancy)

Comedy on the US health care (pain)

Medicare for All video by John Oliver (pain)

Health care systems in different countries (most
terms)

Medicare for All video by John Oliver (most
terms)

Comedy on the US heslth care (prescription)

Single-payer health care (most terms)

Health care systems in different countries (some
terms)

Medicare for All video by John Oliver (some
terms)

Health care costs and financial issues (capitalism)
Comedy on the US health care (race/racism,
Black person, and White person)

ACA%Obamacare reform (racefracism, Black
person, and White person)

Health care policies and politics (most terms)
ACA/Obamacare reform (most terms)
Medicare for All video by John Oliver (some
terms)

Single-payer health care (some terms)

Health care costs and financial issues (market
regulation terms)

Health care workforce (most terms)

Health care systems in different countries (vac-
cine)

ACA/Obamacare reform (respect)

Health care costs and financial issues (most
terms)

Health care systemsin different countries (most
terms)
Single-payer hedlth care (DMV)

3ACA: Affordable Care Act.
bCEO: chief executive officer.

°DMV: Department of Motor Vehicles.

Comment Date and Ongoing Discussions

When considering the timing of comments, the overall mean
for al nodes was December 2020 (mean 2020.99, SD 0.81;
range: from early 2018 for repeal, referring to the Trump
administration and Republican lawmakers' effortsto repeal the
ACA, to early 2023 for do-not-resuscitate). Clusters 1, 5, and
6 have terms with more recent comments than other clusters
(Figure 2, left [42]), which islikely afunction of when avideo
was uploaded on YouTube.

Also shown in Figure 2 are ongoing discussions, conceptualized
at the term level as mean posting time since the first comment

https://infodemiol ogy.jmir.org/2025/1/€58227

in the respective video. We calculated time for each comment,
based on the video it came from, then averaged across all
comments behind each term. The terms that scored above the
midpoint of 0.49 years (approximately 6 months) highlighted
areas on the map where YouTube users continued to contribute
comments|ong after the videos were posted, serving asaproxy
for ongoing interest and engagement. Comment scores were
calculated in 2 ways: without standardization, expressed as a
fraction of ayear (Figure S3 in Multimedia Appendix 1), and
with standardization, using the base-10 logarithm to adjust for
skewed data. The standardized scores were then normalized so
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that the mean is 0 and the scale points represent SDs (Figure 2,
right).

Ongoing discussionsin cluster 1, “illness and wellness,” were
about cure (herbal medicine and herpes), diabetes, and life
expectancy, and young people persisted, on average, for 11
months. In cluster 2, “health services,” ongoing discussions
revolved around ambulances, specialist care, prescriptions,
appointment wait times, copays, and private (vs public) health
insurance or services, roughly covering the same area as
high-scoring nodes in an overlay for videos about health care
systems in different countries. YouTube commenters
demonstrated continued interest in these topics. On average,
cluster 2 termsthat scored above the mean came from comments
posted approximately 9 months after the first comment on a
given video.

In cluster 3, “ideology and society,” YouTube users' comments
on political ideologies, police, and military were typically added
around the 8-month mark, on average. To better understand an
unexpectedly salient group of ideological termsin our map, we
analyzed hundreds of comments about communism, socialism,
and capitalism. Our anaysis confirmed node size and
interconnectedness. The discussion of the US health care system
was highly politicized, with ideological battles that revolved
around dichotomies, such as socialism versus capitalism.
Individuals who self-identified as capitalist, conservative,
libertarian, or Republican outright rejected any government
involvement in health care, calling it socialism, which was often
equated with communism (thus confirming node proximity),

https://infodemiol ogy.jmir.org/2025/1/€58227
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social democracy, inefficiency, economic decline, and excessive
control. Commenterswho self-identified as progressive, liberal,
social democrat, or left leaning pointed out that health carein
the United Stateswas already amix of capitalism and socialism:
publicly funded US police and army were essentially socialized
law enforcement, similar to socialized medicine in other
countries. They saw no logical reason to reject socialized
medicine.

Moreover, several non-US commentersand USresidentsliving
abroad shared their positive experiences with health systemsin
Europe and elsewhere, pointing out that they were affordable
to residents with low-income status. Commenters questioned
thefollowing: Why do Americansaccept GoFundMe fundraising
to cover medical expenses but not universal health care? Those
who defended capitalism praised it for medical innovation and
high quality of health care but often added that it must be
properly regulated. Application of capitalist principles to the
US health care system was al so discussed in connection to greed,
lack of access to health care services, inequities, and poor
outcomes. Multiple comments suggested that every economy
needed a mix of socialism (relating it to public good or public
welfare) and regulated capitalism to counterbalance corporate
interests.

Finaly, in cluster 4, “health care politics, reform, market
regulation, and insurance,” we observed ongoing discussions
about market-rel ated topics (monopoly, regulation, and market)
and especialy the role of John McCain during Obamacare
repeal.
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Figure 2. Overlays to Figure 1 for mean comment date (top) and ongoing discussions (standardized scores, bottom). High-resolution versions are

available in Multimedia Appendix 1 (Figures S4 and S5).
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Comment Likes

Comment likes were standardized using the same method as
for ongoing discussions. We examined overlays for
cluster-specific concentrations of terms that scored above the
mean, identified dyads of linked terms that scored high, and
summarized the most-liked comments from a specific cluster
or term.

https://infodemiol ogy.jmir.org/2025/1/e58227

XSL-FO

RenderX

I/ g
Qa2 \(:\;)} 100

In Figure 3 [42], the largest concentrations of above-average
liked comments were mostly cluster specific (clusters 1, 2, 5,
and 6). Most-liked cluster 5 terms came from comments about
shortage of nurses and nurse burnout as well as factors
contributing to it (shift, short staffed, corporate greed, patient
ratios, abuse, and management). We checked an unexpected
connection between shift (0.58 SD above the mean for all terms)
and bathroom (0.48 SD above the mean), which represented
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highly liked comments. A total of 20 unique commenters shared
stories of extreme job demands, describing how nurses worked
long shifts, endured heavy workloads, faced high
patient-to-nurse ratios, and had to wait for breaks to address
their physiological needs. All but 3 commenters self-revealed
their profession. They were experienced nurses, practicing or
retired, or nursing studentson clinical rotations. Their detail-rich
comments described burnout antecedents, such as profits over
staffing, mistreatment of nurses, and mandatory overtime, and
outcomes, for example, reduced patient care quality and
medication errors.

Incluster 1, cancer-related terms, the term sleep, and end-of -life
terms such as do-not-resuscitate were extracted from comments
with many likes. Individua swho mentioned “ do not resuscitate”
(DNR; 0.42) expressed deeply personal desires for autonomy
and the avoidance of prolonged distress at the end of life. The
commenters identified themselves as older adults, patient

Figure3. A mean comment likes (standardized) overlay to Figure 1.
IIl.[SZn(J‘h(‘.[lf-](JH

certified nuring assistant
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Ivanitskaya & Erzikova

advocates, veterans, or health care workers. They discussed the
implications of DNR orders, sometimes expressing doubts that
an overburdened health care system could handle their
implementation in a patient-centered way. Nevertheless, some
nurses who witnessed slow deaths of patients without DNR
orders chose to create their own advance directives.

Comments about sleep were also well liked (0.43) but, unlike
the DNR discussion, referred to many different contexts:
caregivers, including nurses, experiencing stressors and
dleeplessness; sleep as a precondition to wellness; and in the
context of passing away peacefully in on€'s sleep. The
placement of sleep within our network, on the boundary of
cluster 1 terms (dementia, family member, nursing home, and
caregiver) and cluster 5 terms (stress, trauma, and adirect link
to nurse/nursing), matched these observations and provided
evidence of semantic accuracy and structural relevance.
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Among dental treatment nodes in cluster 6, cavity scored the
highest (0.48) on commentswith likes. Cavity-related comments
came from individuals who revealed the following
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salf-identifications: residence (mostly the United States but also
USresidents living abroad and foreign nationals from multiple
continents), low income (jobless or poor), and medical tourists
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(eg, US residents receiving dental treatments in Mexico).
Commenters particularly liked quotes of low dental costs in
Australia, France, Mexico, and other countries; stories of cost
savings after buying airfare and paying for dental treatments
abroad; personal accounts of dentists recommending
unnecessary procedures; and oral health tips, such as reducing
sugar intake. Comments specified systemic problems with US
dental care: financial strains, even with dental insurance;
potentially superfluous, according to second opinions, or
unnecessarily extensive procedures (eg, on baby teeth);
worsened conditions due to cost-related treatment delays; and
processed sugar industry’s influence on consumption of foods,
leading to dental decay.

Other clusters also had node groups that were well liked. We
explored 2 dyads of linked nodes that scored high on likes:
McCain—-McConnell (0.31-0.34, cluster 4) and ambulance
(ride)-Uber (0.26 for both, cluster 2), with above-averagelikes.
Infirst dyad comments, most commenters applauded McCain’s
vote that helped prevent the repeal of ACA and criticized
McConnell and other Republicans. Comments from the second
dyad, ambulance and Uber, were by YouTuber users who
expressed concerns about the cost of US ambulances and
Americans reluctance to use specialized emergency
transportation. To avoid unpredictable costs, some US
commenters planned to use nonmedical transport, such as
ride-sharing services like Uber, during health emergencies.

Table 2. Mentions of health care system design ideas.

Ivanitskaya & Erzikova

Comments With Select British Spellings

Figure S6 in Multimedia Appendix 1 displays an overlay that
approximates contributions from commenters whose
backgrounds are associated with regions where British spelling
conventions are more common than in the United States. Such
spelling was detected in multiple clusters, but the highest-scoring
terms were in cluster 2 (national insurance, government
hospital, and private system) and cluster 3 (free education,
unemployment, and justice).

Commonly Mentioned Health Care Concepts. System
Design Ideas

Our last set of overlays demonstrates the distribution of
comments that mention policy-relevant ideas on health care
system design: universal health care, Medicare for All, a
single-payer system, and socialized medicine (Table 2).
VOSviewer Online offers a modifiable legend with an option
to normalize term scores by subtracting mean and dividing by
SD. When term scores are normalized, we can directly compare
multiple overlays (Figures 4 and 5 [42]) to identify map areas
with terms that are extracted from a high (vs low) share of
comments mentioning specific system design ideas. Unlikethe
standardization of comment scores, normalization isperformed
at the term level.

Attributes Design idea overlay?
Universal health care Medicare for All Single payer Socialized medicine

Definition® A systemwheredl citizens A proposed systemto expand A systemwhereasingleenti- A system where the govern-
have access to health care theUS Medicare programto  ty (usually the government)  ment not only funds but also
services without financial cover dl individuas, eliminat- paysfor al health care costs  providesthe health care ser-
hardship ing private insurance vices

Comments, N 3638; “universal health” or ~ 2909; M4A or “medicarefor ~ 1474; “single payer” or “sin-  716; “socialized medicine’
“universal healthcare” al” gle-payer” or “socialised medicine”

Prevalence of commentsthat mention each design idea within a ter m-specific comment collection

Highest-scoring  Private room (12/95, 12.6%  Warren (116/276, 42% of
termonacorre-  of comments also mention
sponding overlay universal health care) carefor All)
Share of commentswithin ideological terms®
Socialisnvsocial- +1.44 SD +0.04 SD
ist
Communism/com  +3.06 SD -0.18 SD
munist
Capitalism/capi- -0.33 SD -0.28 SD
talist

comments also mention Medi-

Administrative cost (16/108,
14.8% of comments also
mention single payer)

Medical innovation (5/108,
4.6% of comments aso
mention socialized

medicine)
-0.16 SD +0.64 SD
-0.65 SD +0.45 SD
-0.49 SD -0.53SD

8 nteractive overlays are available from the left panel (view>items>color >) [42].

bCommenters defined health system design ideas in different ways and sometimes used them interchangeably. For example, some commenters talked
generally about a state-managed health care system in reference to both single payer and sociaized medicine.

®Normalized health system design idea overlay scores for 3 ideology nodes are shown relative to all nodes’ mean share of comments mentioning that
specific health system design idea. Plus or minus signs refer to above or below all terms’ mean share, expressed in SD units, within each health system

design idea overlay.
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High-resolution versions are available in Multimedia Appendix 1 (Figures S7 and S8).

Ivanitskaya & Erzikova

Figure 4. Overlays to Figure 1 depicting the distributions of comments that mention “universal health” (top) and “Medicare for All” (bottom).
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Ivanitskaya & Erzikova

Figure 5. Overlays to Figure 1 depicting the distributions of comments that mention “single-payer” (top) and “socialized medicine” (bottom).
High-resolution versions are available in Multimedia Appendix 1 (Figures S9 and S10).
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As shown in Table 2, the most frequently mentioned health
system design idea in our comments—universal health
care—was discussed in connection to private room, the
highest-scoring term on the universal health overlay. The term
private room aso had above-average share (3/95, 3%) of
comments, with at least 1 (6%) of 18 British-spelled words. US
residents and foreign national's discussed semiprivate and private
hospital rooms as a desirable high standard for hospital stays.
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Commenters with experience in universa health systems
explained that such systems serve everyone but may not provide
extra luxuries unless a patient is also covered by private
insurance or pays out of pocket. Severa comments expressed
preferences for universal health care systems with balanced
public and private health care. Private rooms, marble floors,
and hotel-like amenities in US hospitals were discussed as
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luxuries available to the rich, while care was being denied to
the poor.

At the bottom of Table 2, we show 3 ideological terms and
compare the extent to which they are linked to each health
system design idea. For universal health overlay, the data
address the following question: In node socialism/socialist,
what is the share of comments that mentioned universal health
and how far isthis share, in SD units, away from the universal
health care overlay’s mean for al nodes? Compared to 3 other
concepts (Medicare for All, a single-payer system, and
socialized medicine), universal health care was most strongly
linked to discussions of communism and socialism. Specifically,
the share of universal health care comments in the node
socialisnVsocialist was much greater than that in most other
nodes (1.44 SD above al terms mean). It was even higher for
the node communi sm/communist (3.06 SD above the mean).

While discussing Medicare for All in early 2020, YouTube
commenterswere concerned that it wasinsufficiently supported
by Elizabeth Warren, as compared to Bernie Sanders, which
explains why Warren was the highest-scoring term in the
Medicarefor All overlay. In addition to questioning the political
viability of Medicare for All, commenters expressed concerns
about its funding and tax increases, possible loss of preferred
private insurance, unemployment among health insurance
workers, increased wait times, diminished quality of care, and
fluctuating government or political control over reproductive
health.

The highest-scoring term on the single-payer overlay,
administrative cost, was often mentioned with a term
middleman, an unnecessary intermediary, for example, private
insurance companies and for-profit corporate interests.
Discussionsof single payer, administrative costs, and middiemen
turned into debates. Advocates cited the potential for significant
savings and increased efficiency by eliminating the profit-driven
insurance model. They pointed to Medicare's low overhead as
evidencethat asingle-payer system could reduce administrative
costs. By cutting out middlemen, single-payer systems bring
down administrative costs and simultaneously simplify system
navigation and transactions for patients, restrain profiteering,
reduce health care fraud, and open health care systems to cost
control. Critics, however, expressed skepticism about the
efficiency of government-run systems, cautioning that replacing
one bureaucratic structure with another may not achieve the
expected reductions in administrative costs.

Finally, the term medical innovation had the highest share of
comments that mentioned socialized medicine. The comments
often referred to the United States's top position in producing
medical innovations. Several US commenters suggested that
countries with socialized medicine rely upon US innovations
without contributing comparable advancements in new
treatments or medical technologies. US medical innovations,
according to their comments, come at high cost but aso
contribute to high quality of care. Others expressed
disagreement, saying the United States ranked fourth on medical
innovation, behind Switzerland, Germany, and the Netherlands.
In addition, hopeswere expressed that rising costs of US health
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care could be controlled through medical innovations, especially
in older adult care.

Of the 4 health system design ideas we analyzed, the concept
of single-payer health system had the lowest use of ideological
terms. Thedistribution of scores acrossthe single-payer overlay
shows that single-payer discussions were less prevalent in
ideological terms (socialism/socialist, communi sm/communist,
and capitalism/capitalist) than in other terms we mapped. In
the socialism/socialist node, an above mean share of comments
about Medicarefor All (+0.04 SD), socialized medicine (+0.64
SD), and especially universal health care (+1.44 SD) indicated
greater use of ideological terms, as compared to single-payer
discussions (-0.16 SD). In addition, the universal health care
discussion was much more centered around communism or
communist (+3.06 SD) compared to the single-payer discussion
(-0.65 SD).

Discussion

Overview

We discuss 2 sets of findings. First, we summarize our
evaluation of the semantic network. We elaborate on the
implications of repurposing VOSviewer to subsequent social
media studies and anticipate scientific advancesthat may result
from its broad application. Second, we summarize our US health
system insights and discuss their policy implications, pointing
out limitations.

VOSviewer Term Co-Occurrence Network asa Social
Media Analysis M ethod

VOSviewer isone of several programs available to researchers
for conducting semantic network analysis. For example, previous
studies have used the Fruchterman-Reingold algorithm [44],
Gephi [45], and R [46] to build semantic networks. At the same
time, VOSviewer’s user-friendly interface is suitable for users
without advanced technical skills. Regardless of the tools used
in their construction, semantic networks promise to represent
knowledge, while their interconnected nodes likely capture
meaning [12], as demonstrated by this analysis.

We used VOSviewer as a data visualization tool to respond to
the critical need to decrypt chaotic and extensive social media
discussionson asocially important topic. Our analysissuggests
that VOSviewer produces visualizations with high information
density, interactivity, and interpretive richness. In addition, we
obtained evidence regarding the following characteristics of the
VOSviewer-generated network: (1) robustness or resilience to
variationsin data, (2) content representativeness of the diversity
of issuesrelated to the US health system, (3) structural relevance
defined as meaningful network relationships, and (4) semantic
accuracy defined as accurate representation of comment
meaning. Our evaluation of the network’s decision support
usefulness is discussed in the US Health System Insights and
Their Policy Implications section.

First, our limited test of robustness confirmed the network’s
resilience to the removal of approximately 3% of repeated
comments from our corpus. If such comments were retained,
identical comments by just 1 social media user would have
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produced a user-specific map cluster about medical debt and
bankruptcy. Striving to build a network reflective of broad
conversations, we chose to remove it, but the comments we
removed were relevant to the US health system. The person
who posted them might have tried to express desperation or
draw attention to the seriousness of medical debt.

Second, the network comprehensively covered 10 thematic
video groups, representing the entire diversity of video content
about the US health care system. In other words, comments
from al video groups were represented within the network
nodes. Third, we observed a meaningful cluster layout that,
overal, could be intuitively interpreted. Structural relevance
was confirmed by spatial arrangement of nodesin the network,
where the proximity of nodes corresponded to the co-occurring
nature of the semantic relationships observed in the text from
which the nodes were derived. Moreover, the network’s structure
aligned with existing knowledge, for example, ACA provisions.
Forth, multiple checks confirmed that the mapped terms,
including unexpected or ambiguous ones, captured the meanings
of posts aswell astheir context.

Anticipated Scientific Advances of the VOSviewer
Application to Social Media Analyses

The VOSviewer's term co-occurrence mapping method and
their custom overlays can advance computational socia sciences
through informative, contextualized semantic networks. Natural
language processing enables unbiased extraction of relevant
terms, with an option of manual term screening. Revealing large
patternsin extensive source data, VOSviewer “visua narratives’
[47] can guide researchersto efficiently allocate their analytical
resources asthey explore salient patterns of societal importance
embedded in “context or domain-specific knowledge” [48]. As
such patternsinvolve network terms—nouns and noun phrases
that occur in comments—researchers can strategically focuson
the most promising subsets of extant data. In addition,
VOSviewer-enabled semantic networks bring to light the
interdisciplinary nature of social media studies. According to
our cluster map, an in-depth analysis of public perceptions of
the US health system callsfor input from scholarsin fields such
as communication, economics, health care management,
medicine, political science, public health, and others.

Clusters model thematic structure at a macro scale; overlays
provideinterpretive richness. The method we demonstrated here
offersavaluable way for researchersto experience relationships
embedded in source data, some of which are hard to document
using conventional analyses. Chronological overlaysthat show
video dates, comment dates, and lags in time between the first
and the nth comment offer clues on how the discussion
progressed over time, enabling astudy of unfolding discourses.
This is particularly relevant for data from socia media
platforms, which are “inherently longitudina” [48]. With
additional automation, it would be possible to create dynamic
network visualizationsthat are updated in near—real time as new
comments are posted.

Another benefit of semantic map overlays is that they foster
cluster exploration and hypothesistesting by combining different
data sources. For the YouTube platform, overlays may reflect
characteristics of comments, YouTube video channels, videos
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themselves, or social media users’ channels. Therefore, visual
overlays represent many opportunities for innovation and
experimentation. For example, information excluded during
term selection can be brought back in overlays. In this study,
we removed geographical references from the cluster model’s
nodes but created an overlay to highlight discussionswith British

spelling.

The method we demonstrated in this study can also enhancethe
value of qualitative research. Resource-intensive qualitative
methods can be deployed strategically, guided by the grasp of
larger patterns evident in semantic networks. Semantic networks
can be contextualized and nuanced through qualitative coding.
The qualitative codes can then be incorporated into
custom-designed overlays, leading to new hypotheses and
gualitative analyses. This iterative approach enables
visualization-assisted qualitative inquiry.

Given these methodological strengths, we believe that
VOSviewer-enabled semantic network analyses of social media
data can advance social science research in the digital era
Thinking even broader, the proposed method can be applied
across a variety of contexts and data sources, not limited to
social media, and across different disciplines, such as
computational humanities.

US Health System Insightsand Their Palicy
Implications

Overview

Health care debates unfold in bothin red lifeand online spheres.
We examined digital publics' discourse about the US hedlth
care system in response to YouTube videos from right, center,
and left mediaoutlets. The YouTube platform all ows purposeful
selection of videos by varied media outlets on different aspects
of an issue. We provided evidence that thematic diversity of
videos was passed on to the commentary, opening adoor to the
policy-relevant analysis of diverse viewpoints. The YouTube
platform has emerged as a space for heated debates, thoughtful
ideas, misconceptions, and personal narratives in response to
the US health care system.

Understanding the viewpoints by social media users provides
valuableinput for policy makers, health care professionals, and
advocates aiming to shape effective reforms. The insights
gleaned from the VOSviewer semantic network carry significant
implications, which we grouped into 3 categories (concerns
about the hedth care system, domestic and global
interconnections in heath care discussions, and informing
change through key health care discourse insights).

Concerns About the Health Care System

The clusters shed light on a wide range of areas of concern
within the US health care system, including those that are likely
to be voiced by the public when politicians mention universal
health care, Medicare for All, a single-payer system, and
socialized medicine. The network analysis was helpful in
estimating the use of ideological termsin discussions of various
health system design ideas and identifying related concerns, for
instance, about continued medical innovation or patients' access
to private hospital rooms. The ideology and society cluster
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terms, derived from politicized comments, reflect the entrenched
ideological conflicts and capitalism-socialism dichotomies
within the YouTube discourse about the US health care system.

We observed that commentsin the health care workforce cluster,
particularly those about staff shortages and burnout, received
many likes. This pattern points to a widely shared perception
of the urgent need to address challenges faced by nurses and
other health professionals. If corroborated acrosstime and other
data sources, this sentiment may translate into public support
for health care reforms that enhance workforce well-being,
improve nurse-to-patient ratios, and support the essential role
of health care workersin the system.

Online discussions aso highlight ongoing debates about the
bal ance between public and private health care services. Policy
makers can use these insights to formulate strategies that
optimize the strengths of both sectors, ensuring accessibility,
affordability, and quality of cae. In sum, a
VOSviewer-generated semantic network with overlays shows
promise as a decision support tool for policy makers.

Domestic and Global | nterconnectionsin Health Care
Discussions

Health care reforms should consider the broader societal and
political context of the country to build sustainable and
politically viable solutions. The heath care discourse we
described incorporated widespread debates about political
ideologies, societal issues such as racism, and economic
considerations. While many of theseissueswere domestic, there
was also a significant international component. Terms such as
national insurance, government hospital, private system, free
education, unemployment, and justice represented 6% to 8% of
comments with at least 1 British-spelled word from our list. In
much smaller concentrations (2.5%-4%), British-spelled
comments appeared in the wellness discussion (nutrition,
vegetable, and memory) and conversations about tax break (or
cut), socia health care, and private insurance companies. Adding
evidence in support of semantic accuracy, several terms
extracted from a nonzero share of British-spelled comments
(national insurance and social health care) described societies
outside of the United States.

The presence of British-spelled wordsin our dataindicated the
global nature of US health care discussions, which is evident
in international comparisons of prices and patient experiences.
YouTube discussions offered opportunitiesfor US social media
users to learn about foreign health systems and explore their
benefits, trade-offs, and foundational values. The information
was conveyed not by experts or paliticians but by laypeople
who had encountered foreign systems as taxpayers and patients.
Some informants lived in several countries and could compare
multiple systems. Informed by globa perspectives, the US
public may shift its expectations, prompting politicians to
incorporate best practices, for example, affordable drugs and
predictable costs of emergency patient transportation, into
reform initiatives. At the same time, both the public and policy
makers stand to benefit from reexamining their own
misconceptions and rigid ideological beliefs in light of
successful health care models and practicesin other countries.
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Informing Change Through Key Health Care Discourse
Insights

Our semantic network analysis providesinsightsinto the topics
that garner the most attention and engagement in ongoing
discussions. Health care reforms can be supported by targeted
public education and awareness campaigns addressing these
key themes, fostering informed public discourse and
encouraging active participation in the reform process.
Accordingly, policy makers should continuously monitor public
sentiments on platforms such as YouTube to inform dynamic,
responsive health care policies that adapt to changing societal
needs and concerns. Finaly, leveraging user engagement
patterns, particularly standardized likes and ongoing discussions,
can establish effective feedback |oops between policy makers
and the public. Understanding which aspects of the discourse
resonate most strongly with the public allowsfor the refinement
of reform strategies. We provided empirical evidence of links
between specific public opinions on health system designs and
ideological discourse; comments about universal health care
had amuch higher use of ideological terms than discussions of
single-payer health systems. Overall, the key takeaways drawn
from the VOSviewer-generated semantic network analysis
provide actionable insights for shaping reformsin health care,
which are responsive, inclusive, and aligned with the diverse
perspectives expressed by the public on digital platforms.

Finally, we share 2 observations on how VOSviewer maps may
support evidence-based policy making and communicating with
stakeholders. One consideration is the empirical rootedness of
the information we mapped. Decision makers are more likely
to accept and act upon information perceived as “evidence
based” [48], for example, maps that display intuitively
interpretable terms grounded in actual text. In the study by van
der Voort et a [47] on big data, decision makers “wanted
‘stories to tell’ to feed public debate and highlight problems
and opportunities,” favoring reports at higher resolutions. In
our study, clusters communicated broad narratives about the
public discourse of the US hedth system, while overlays
enriched and contextualized interpretation of narratives, adding
complexity and specificity.

How well decision makers with different levels of education
can decode VOSviewer datavisualizationsremainsto betested.
We anticipate that for most decision makers, the learning curve
of interpreting maps will be less steep than that for statistical
outputs with comparable informational value. While overlays
provide amultidimensional understanding of the discourse, they
may be harder to decode than clusters. At the same time, the
interactive nature of VOSviewer Onlineislikely to add interest
and user engagement, helping to trand ate research findingsinto
informed decision-making and actionable policy measures.

Limitations

While VOSviewer offers a powerful tool for visualizing and
analyzing co-occurrence networks, the algorithm’s effectiveness
is contingent on the initial selection of terms. The manual
screening of a list of terms introduces a potential bias. In
addition, the study is limited to English language YouTube
comments, which may not fully capture the broader public
discourse on health care.
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Further research is warranted to validate and expand upon our  other social media platforms and online forums would provide
results. Future studies could use other advanced natural language  a more comprehensive understanding of public sentiment and
processing techniquesto enhance the accuracy of term selection  discourse surrounding health care.

and clustering. Moreover, amultiplatform analysisthat includes

Acknowledgments

The authors sincerely thank Dr Rodina Bizri-Baryak for her valuable contributions to data collection, which greatly enhanced
the depth and breadth of this study.

Data Availability

All data are available in the main text or Multimedia Appendix 1. Map files can be downloaded from map URLSs provided in
Multimedia Appendix 1. Original YouTube comments (initial commentsand first-level replies) can be accessed through YouTube
using the video descriptions provided in Multimedia Appendix 1.

Authors Contributions

LVI conceptualized the study, curated the data, conducted the formal analysis, created the visualizations, provided supervision,
and managed the project administration. LVI and EE collaborated on writing the original draft, methodology, investigation,
validation of the findings, and contributed to the writing, review, and editing of the manuscript.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Supplementary information on video and comment analysis.
[DOC File, 50822 KB-Multimedia Appendix 1]

References

1.  Blumentha D, GumasE, Shah A. Thefailing U.S. health system. N Engl JMed. Oct 31, 2024;391(17):1566-1568. [doi:
10.1056/NEJM p2410855] [Medline: 39383455]

2. ObamaB. United States health care reform: progressto date and next steps. JAMA. Aug 02, 2016;316(5):525-532. [FREE
Full text] [doi: 10.1001/jama.2016.9797] [Medline: 27400401]

3. LazarusD. Column: The cure for healthcare? An end to selfishness. Los Angeles Times. Feb 21, 2020. URL : https.//www.
| atimes.com/busi ness/story/2020-02-21/column-heal thcare-sel fi shness [ accessed 2025-01-27]

4.  AAPD respondsto PBSfrontline's "dollars and dentists". PR Newswire. Jun 28, 2012. URL.: https://tinyurl.com/37vckk65
[accessed 2025-01-27]

5. GuoA.What to watch on Tuesday: ‘ Frontline: The Healthcare Divide' on PBS. The Washington Post. May 17, 2021. URL :
https://tinyurl.com/mr34ex65 [accessed 2025-01-27]

6.  Goldberg J. Who's to blame for Trump’s failures? Must be Paul Ryan. Los Angeles Times. May 27, 2017. URL.: https./
/www.|atimes.com/opinion/op-ed/l a-oe-gol dberg-paul -ryan-blame-20170327-story.html [accessed 2025-01-27]

7. Gottfried J. Americans’ social mediause. Pew Research Center. Jan 31, 2024. URL: https.//www.pewresearch.org/internet/
2024/01/31/americans-social-media-use/ [accessed 2025-01-27]

8. Matamoros-Ferndndez A, Farkas J. Racism, hate speech, and social media: a systematic review and critique. Telev New
Media. Jan 22, 2021;22(2):205-224. [FREE Full text] [doi: 10.1177/1527476420982230]

9. UwaakaT. Evaluating military use of social mediafor political branding during onlinefirestorms: an analysis of the Afghan
troops withdrawal. J Polit Mark. Jun 12, 2023:1-17. [FREE Full text] [doi: 10.1080/15377857.2023.2222683]

10. Johnen M, Jungblut M, Ziegele M. The digital outcry: what incites participation behavior in an online firestorm? New
Media Soc. Nov 29, 2017;20(9):3140-3160. [FREE Full text] [doi: 10.1177/1461444817741883]

11. ErzikovaE, McLean C. Drowning out the message together: analysis of social media comments on a political sex scandal.
J Soc Media Soc. 2020;9(1):207-234. [FREE Full text]

12. PereiraHB, Grilo M, de Sousa Fadigas |, Souza Junior CT, do Vale Cunha M, Barreto RS, et a. Systematic review of the
“semantic network” definitions. Expert Syst Appl. Dec 2022;210:118455. [doi: 10.1016/j.eswa.2022.118455]

13.  van Eck NJ, Waltman L. Software survey: VOSviewer, a computer program for bibliometric mapping. Scientometrics.
Aug 2010;84(2):523-538. [ FREE Full text] [doi: 10.1007/s11192-009-0146-3] [Medline: 20585380]

14. Flisl, van Eck NJ. Framing psychology as adiscipline (1950-1999): alarge-scal e term co-occurrence analysis of scientific
literature in psychology. Hist Psychol. Nov 2018;21(4):334-362. [FREE Full text] [doi: 10.1037/hop0000067] [Medline;
28726441]

https://infodemiol ogy.jmir.org/2025/1/€58227 JMIR Infodemiology 2025 | vol. 5 | €58227 | p. 16
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=infodemiology_v5i1e58227_app1.doc&filename=27c1d47f5cb9b7b005588eadbebb94bb.doc
https://jmir.org/api/download?alt_name=infodemiology_v5i1e58227_app1.doc&filename=27c1d47f5cb9b7b005588eadbebb94bb.doc
http://dx.doi.org/10.1056/NEJMp2410855
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39383455&dopt=Abstract
https://europepmc.org/abstract/MED/27400401
https://europepmc.org/abstract/MED/27400401
http://dx.doi.org/10.1001/jama.2016.9797
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27400401&dopt=Abstract
https://www.latimes.com/business/story/2020-02-21/column-healthcare-selfishness
https://www.latimes.com/business/story/2020-02-21/column-healthcare-selfishness
https://www.prnewswire.com/news-releases/aapd-responds-to-pbs-frontlines-dollars-and-dentists-160728055.html
https://www.washingtonpost.com/entertainment/tv/what-to-watch-on-tuesday-frontline-the-healthcare-divide-on-pbs/2021/05/17/02944146-b4d1-11eb-9059-d8176b9e3798_story.html
https://www.latimes.com/opinion/op-ed/la-oe-goldberg-paul-ryan-blame-20170327-story.html
https://www.latimes.com/opinion/op-ed/la-oe-goldberg-paul-ryan-blame-20170327-story.html
https://www.pewresearch.org/internet/2024/01/31/americans-social-media-use/
https://www.pewresearch.org/internet/2024/01/31/americans-social-media-use/
https://doi.org/10.1177/1527476420982230
http://dx.doi.org/10.1177/1527476420982230
https://doi.org/10.1080/15377857.2023.2222683
http://dx.doi.org/10.1080/15377857.2023.2222683
https://doi.org/1177/1461444817741883
http://dx.doi.org/10.1177/1461444817741883
https://thejsms.org/index.php/JSMS/article/view/669/351
http://dx.doi.org/10.1016/j.eswa.2022.118455
https://europepmc.org/abstract/MED/20585380
http://dx.doi.org/10.1007/s11192-009-0146-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20585380&dopt=Abstract
https://doi.org/10.1037/hop0000067
http://dx.doi.org/10.1037/hop0000067
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28726441&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY Ivanitskaya & Erzikova

15.

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

van Eck NJ, Waltman L. Citation-based clustering of publications using CitNetExplorer and VOSviewer. Scientometrics.
Feb 27, 2017;111(2):1053-1070. [FREE Full text] [doi: 10.1007/s11192-017-2300-7] [Medline: 28490825]

Waltman L, van Eck NJ, Noyons EC. A unified approach to mapping and clustering of bibliometric networks. J Informetr.
Oct 2010;4(4):629-635. [FREE Full text] [doi: 10.1016/j.j0i.2010.07.002]

van Eck NJ, Waltman L, Noyons EC, Buter RK. Automatic term identification for bibliometric mapping. Scientometrics.
Mar 11, 2010;82(3):581-596. [FREE Full text] [doi: 10.1007/s11192-010-0173-0] [Medline: 20234767]

van Eck NJ, Waltman L. Text mining and visualization using VOSviewer. arXiv. Preprint posted online on September 9,
2011. [FREE Full text]

van Eck NJ, Waltman L. VOSviewer manual. Universiteit Leiden. Oct 31, 2023. URL : https.//www.vosviewer.com/
documentation/Manual_VOSviewer_1.6.20.pdf [accessed 2025-01-27]

Traag VA, Waltman L, van Eck NJ. From Louvain to Leiden: guaranteeing well-connected communities. Sci Rep. Mar 26,
2019;9(1):5233. [FREE Full text] [doi: 10.1038/s41598-019-41695-z] [Medline: 30914743]

Vlieger E, Leydesdorff L. Content analysis and the measurement of meaning: the visualization of framesin collections of
messages. Public J Semiatics. Jun 2011;111(1):28-50. [FREE Full text] [doi: 10.37693/pj0s.2011.3.8830]

Holmberg K, Hellsten I. Integrating and differentiating meanings in tweeting about the fifth Intergovernmental Panel on
Climate Change (IPCC) report. First Monday. 2016;21(9). [FREE Full text] [doi: 10.5210/fm.v21i9.6603]
Eriksson-Backa K, Holmberg K, Ek S. Communicating diabetes and diets on Twitter - a semantic content analysis. Int J
Netw Virtual Org. 2016;16(1):8. [doi: 10.1504/ijnvo.2016.075133]

Nerghes A, Kerkhof P, Hellsten I. Early public responses to the Zika-Virus on YouTube: prevalence of and differences
between conspiracy theory and informational videos. In: Proceedings of the 10th ACM Conference on Web Science. 2018.
Presented at: WebSci '18; May 27-30, 2018; Amsterdam, The Netherlands. [doi: 10.1145/3201064.3201086]
Garcia-Rudolph A, Laxe S, Sauri J, Bernabeu Guitart M. Stroke survivors on Twitter: sentiment and topic analysisfrom a
gender perspective. JMed Internet Res. Aug 26, 2019;21(8):e14077. [EREE Full text] [doi: 10.2196/14077] [Medline:
31452514]

PuertaP, Lagunal, Vidal L, Ares G, Fiszman S, Tarrega A. Co-occurrence networks of Twitter content after manual or
automatic processing. A case-study on “gluten-free”. Food Qual Prefer. Dec 2020;86:103993. [FREE Full text] [doi:
10.1016/j.foodgual.2020.103993]

Zhao 'Y, Cheng S, Yu X, Xu H. Chinese public's attention to the COV1D-19 epidemic on social media: observational
descriptive study. J Med Internet Res. May 04, 2020;22(5):€18825. [FREE Full text] [doi: 10.2196/18825] [Medline:
32314976]

Bashir S, Bano S, Shueb S, Gul S, Mir AA, Ashraf R, Shakeela, et al. Twitter chirps for Syrian people: sentiment analysis
of tweets related to Syria Chemical Attack. Int J Disaster Risk Reduct. Aug 2021;62:102397. [doi:
10.1016/j.ijdrr.2021.102397]

Tran HT, Lu SH, Tran HT, Nguyen BV. Social mediainsights during the COVID-19 pandemic: infodemiology study using
big data. IMIR Med Inform. Jul 16, 2021;9(7):€27116. [FREE Full text] [doi: 10.2196/27116] [Medline: 34152994]
Wonneberger A, Hellsten IR, Jacobs SH. Hashtag activism and the configuration of counterpublics: Dutch animal welfare
debates on Twitter. Inf Commun Soc. Feb 04, 2020;24(12):1694-1711. [FREE Full text] [doi:
10.1080/1369118x.2020.1720770]

Noor S, Guo Y, Shah SH, Fournier-Viger P, Nawaz MS. Analysis of public reactionsto the novel Coronavirus (COVID-19)
outbreak on Twitter. Kybernetes. Nov 09, 2020;50(5):1633-1653. [FREE Full text] [doi: 10.1108/k-05-2020-0258]
Henson T, Baryak R, Merrill J, Ivanitskaya L. Term network visualization as a means of detecting attempts to sell illicit
fentanyl to social mediausers. In: Proceedings of the American Public Health Association Annual Meeting and Expo. 2023.
Presented at: APHA 2023; November 12-15, 2023; Atlanta, GA. URL : https.//apha.confex.com/apha/2023/meetingapp.cgi/
Paper/536121

Henson T. Fentanyl, social media, and health policy: a mixed-methods health policy analysis of public comments on
YouTube videos about fentanyl. Central Michigan University. 2024. URL: https:/tinyurl.com/mwkfpnp6 [accessed
2025-01-27]

Nugroho LA, Wuryani E. Exploring public perceptions of ChatGPT in education through netnography and social media
analysis. Gagasan Pendidikan Indonesia. Dec 2023;4(2):66. [FREE Full text] [doi: 10.30870/gpi.v4i2.23164]

Xiong Y, Pan Z, Yang L. Did online education exacerbate contract cheating during COVID19 in China? Evidence from
SinaWeibo. JTE Res. 2023;22:295-309. [FREE Full text] [doi: 10.28945/5181]

Frasco JM. A social media discussion of COVID-19 emergency use authorization: a mixed methods study of a YouTube
influencer. Central Michigan University. 2023. URL: https://tinyurl.com/yeynd3t4 [accessed 2025-01-27]

Bizri-Baryak R. Analyzing the overturn of Roe v. Wade: a term co-occurrence network analysis of YouTube comments.
Central Michigan University. 2024. URL: https://tinyurl.com/mp7jnnr9 [accessed 2025-01-24]

IvanitskayalV, Bacon LL, ErzikovaE, Gandy L. Visualizing social mediadiscussionsof policy-relevant issues surrounding
the opioid crisisin the United States. Popul Med. Apr 26, 2023;5(Supplement). [doi: 10.18332/popmed/163845]

Media bias rating method. AllSides. URL: https://www.allsides.com/media-bias/media-bias-rating-methods [accessed
2024-03-09]

https://infodemiol ogy.jmir.org/2025/1/€58227 JMIR Infodemiology 2025 | vol. 5 | €58227 | p. 17

(page number not for citation purposes)


https://europepmc.org/abstract/MED/28490825
http://dx.doi.org/10.1007/s11192-017-2300-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28490825&dopt=Abstract
https://doi.org/10.1016/j.joi.2010.07.002
http://dx.doi.org/10.1016/j.joi.2010.07.002
https://europepmc.org/abstract/MED/20234767
http://dx.doi.org/10.1007/s11192-010-0173-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20234767&dopt=Abstract
https://arxiv.org/abs/1109.2058
https://www.vosviewer.com/documentation/Manual_VOSviewer_1.6.20.pdf
https://www.vosviewer.com/documentation/Manual_VOSviewer_1.6.20.pdf
https://doi.org/10.1038/s41598-019-41695-z
http://dx.doi.org/10.1038/s41598-019-41695-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30914743&dopt=Abstract
https://www.leydesdorff.net/semiotics/semiotics.pdf
http://dx.doi.org/10.37693/pjos.2011.3.8830
https://firstmonday.org/ojs/index.php/fm/article/view/6603
http://dx.doi.org/10.5210/fm.v21i9.6603
http://dx.doi.org/10.1504/ijnvo.2016.075133
http://dx.doi.org/10.1145/3201064.3201086
https://www.jmir.org/2019/8/e14077/
http://dx.doi.org/10.2196/14077
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31452514&dopt=Abstract
https://doi.org/10.1016/j.foodqual.2020.103993
http://dx.doi.org/10.1016/j.foodqual.2020.103993
https://www.jmir.org/2020/5/e18825/
http://dx.doi.org/10.2196/18825
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32314976&dopt=Abstract
http://dx.doi.org/10.1016/j.ijdrr.2021.102397
https://medinform.jmir.org/2021/7/e27116/
http://dx.doi.org/10.2196/27116
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34152994&dopt=Abstract
https://doi.org/10.1080/1369118X.2020.1720770
http://dx.doi.org/10.1080/1369118x.2020.1720770
https://doi.org/10.1108/K-05-2020-0258
http://dx.doi.org/10.1108/k-05-2020-0258
https://apha.confex.com/apha/2023/meetingapp.cgi/Paper/536121
https://apha.confex.com/apha/2023/meetingapp.cgi/Paper/536121
https://www.researchgate.net/publication/380598312_Fentanyl_Social_Media_and_Health_Policy_A_Mixed-Methods_Health_Policy_Analysis_of_Public_Comments_on_YouTube_Videos_About_Fentanyl
https://www.researchgate.net/publication/378815132_Exploring_Public_Perceptions_of_ChatGPT_in_Education_through_Netnography_and_Social_Media_Analysis
http://dx.doi.org/10.30870/gpi.v4i2.23164
https://doi.org/10.28945/5181
http://dx.doi.org/10.28945/5181
https://cmich.idm.oclc.org/login?url=https://www.proquest.com/dissertations-theses/social-media-discussion-covid-19-emergency-use/docview/2918026841/se-2
https://www.researchgate.net/publication/388323545_Analyzing_the_Overturn_of_Roe_v_Wade_A_Term_Co-Occurrence_Network_Analysis_of_YouTube_Comments?channel=doi&linkId=6792aeb34c479b26c9b082ce&showFulltext=true
http://dx.doi.org/10.18332/popmed/163845
https://www.allsides.com/media-bias/media-bias-rating-methods
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR INFODEMIOLOGY Ivanitskaya & Erzikova

40.

41.

42.
43.

45,

46.

47.

48.

Eve MP. Close Reading with Computers: Textual Scholarship, Computational Formalism, and David Mitchell's Cloud
Atlas. Redwood City, CA. Stanford University Press; 2019.

Grimmer J, Stewart BM. Text as data: the promise and pitfalls of automatic content analysis methods for political texts.
Polit Anal. Jan 04, 2017;21(3):267-297. [doi: 10.1093/pan/mps028]

VOSviewer online. VOSviewer. URL: http://tinyurl.com/4v6nafs5 [accessed 2025-01-28]

Chatterji P, Brandon P, Markowitz S. Job mobility among parents of children with chronic health conditions: early effects
of the 2010 Affordable Care Act. J Health Econ. Jul 2016;48:26-43. [doi: 10.1016/j.jhealec0.2016.03.004] [Medline:
27060524]

Fruchterman TM, Reingold EM. Graph drawing by force - directed placement. Softw Pract Exp. Oct 30,
2006;21(11):1129-1164. [doi: 10.1002/spe.4380211102]

Bastian M, Heymann S, Jacomy M. Gephi: an open source software for exploring and manipulating networks. Proc Int
AAAI Conf Web Soc Media. Mar 19, 2009;3(1):361-362. [doi: 10.1609/icwsm.v3i1.13937]

R Core Team. R: alanguage and environment for statistical computing. R Foundation for Statistical Computing. 2022.
URL: https://www.R-project.org/ [accessed 2025-01-27]

van der Voort H, Klievink A, Arnaboldi M, Meijer A. Rationality and politics of algorithms. Will the promise of big data
survive the dynamics of public decision making? Gov Inf Q. Jan 2019;36(1):27-38. [FREE Full text] [doi:
10.1016/j.0ig.2018.10.011]

Kitchin R. Big Data, new epistemol ogies and paradigm shifts. Big Data Soc. Apr 01, 2014;1(1). [FREE Full text] [doi:
10.1177/2053951714528481]

Abbreviations

ACA: Affordable Care Act
DMYV: Department of Motor Vehicles
DNR: do not resuscitate

Edited by T Mackey; submitted 10.03.24; peer-reviewed by M Haupt, C Tong; comments to author 15.08.24; revised version received
10.10.24; accepted 08.12.24; published 11.02.25

Please cite as:

Ivanitskaya LV, Erzikova E

Visualizing YouTube Commenters’ Conceptions of the USHealth Care System: Semantic Network Analysis Method for Evidence-Based
Policy Making

JMIR Infodemiology 2025;5:€58227

URL.: https://infodemiology.jmir.org/2025/1/€58227

doi: 10.2196/58227

PMID: 39932770

©LanaV lvanitskaya, ElinaErzikova. Originally published in IMIR Infodemiology (https://infodemiology.jmir.org), 11.02.2025.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Infodemiology, is properly cited. The complete bibliographic information, a
link to the original publication on https://infodemiology.jmir.org/, as well as this copyright and license information must be
included.

https://infodemiol ogy.jmir.org/2025/1/€58227 JMIR Infodemiology 2025 | vol. 5 | €58227 | p. 18

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1093/pan/mps028
http://tinyurl.com/4v6nafs5
http://dx.doi.org/10.1016/j.jhealeco.2016.03.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27060524&dopt=Abstract
http://dx.doi.org/10.1002/spe.4380211102
http://dx.doi.org/10.1609/icwsm.v3i1.13937
https://www.R-project.org/
https://doi.org/10.1016/j.giq.2018.10.011
http://dx.doi.org/10.1016/j.giq.2018.10.011
https://doi.org/10.1177/2053951714528481
http://dx.doi.org/10.1177/2053951714528481
https://infodemiology.jmir.org/2025/1/e58227
http://dx.doi.org/10.2196/58227
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39932770&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

