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Abstract
Background: YouTube, as a participatory platform, allows algorithmic curation and user engagement to shape health
information flows. This dynamic amplifies and isolates harmful narratives, producing enclosed “refracted publics.” Pro-ano-
rexia (pro-ana) content exemplifies this, glamorizing extreme thinness as self-control and promoting disordered eating while
distancing viewers from evidence-based health discourse. Despite concerns about public health consequences, few studies have
examined how channel characteristics and framing strategies drive engagement and echo chamber formation.
Objective: This study analyzed how pro-ana discourse circulates on YouTube and identified entry points for intervention.
It (1) compared pro-ana, anti–pro-ana, and recovery frames by channel type (institutional vs individual) and subscriber
scale (mega [≥1,000,000], meso [100,000-999,999], or micro [10,000-99,999]); (2) constructed video-level networks from
overlapping commenters to trace discourse clustering over time; and (3) evaluated how frame and channel attributes shape
network connectivity and frame-crossing.
Methods: We collected 489 Korean-language YouTube videos (January 2020-August 2024) using pro-ana keywords and
related-video crawling. Each was coded into 3 frames. Channels were classified by operator type and subscriber scale.
A weighted commenter-overlap network was built, backbone-extracted, and analyzed through social network analysis. An
exponential random graph model tested predictors of intervideo ties.
Results: Of 489 videos, 369 (75.5%) promoted pro-ana content, mostly in micro- and meso-individual channels (361/369,
97.8%). Recovery frames appeared mainly in micro-individual channels (47/52, 90%). Anti–pro-ana frames clustered in
institutional channels (46/68, 68%) but remained structurally peripheral. After backbone filtering, the commenter-overlap
network comprised 435 videos and 906 edges. The network showed low density (0.96%) and moderate modularity (0.58) with
19 communities, indicating a fragmented, echo chamber–like structure. Longitudinally, density declined while modularity rose,
consistent with echo-chamber intensification. The largest community (n=242) was predominantly pro-ana, while recovery-only
(n=25) and anti–pro-ana (n=13) communities were peripheral. The exponential random graph model revealed that homophily
was strong for anti–pro-ana (odds ratio [OR]=2.20; P<.001) and became significant for pro-ana with channel×frame interac-
tions (OR=3.12; P<.001). Critically, recovery frames in meso-individual channels were associated with greater intervideo
connectivity (OR=2.59; P<.001), and anti–pro-ana frames in those channels were also connective (OR=1.55; P=.003).
Conclusions: Pro-ana discourse on YouTube is fragmented into “refracted publics.” Meso-level individual channels using
recovery narratives serve as critical bridges across polarized frames. Public health efforts should partner with mid-tier
influencers to co-create emotionally resonant recovery content that disrupts echo chambers and fosters cross-frame dialogue.
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Introduction
YouTube as a Participatory Platform for
Health-Compromising Discourse
Digital platforms are now central to public discourse.
YouTube strongly influences opinion and social norms
through its algorithmic system and creator-driven content [1-
3]. Across domains—news, health, education, and politics—it
serves as a primary information gateway, bypassing tradi-
tional media filters and enabling decentralized participation
[4]. Yet, this openness also enables harmful discourse,
including misinformation, health-compromising content, and
hate speech, threatening public health and social cohesion.

A clear example is “pro-anorexia” (pro-ana) discourse,
which glamorizes extreme dieting. These narratives reframe
anorexia’s pathological traits as esthetic and moral ide-
als, creating communities around “thinspiration” images,
restrictive meal plans, exercise regimens, and weight-loss
stories [5-7]. They strongly affect adolescent females,
provoking identity responses. Within these groups, starva-
tion and bodily discipline appear as self-development and
social validation tools [8-10]. Although members may gain
emotional support and collective identity [5,11-13], they
remain vulnerable to anxiety, shame, and self-hatred when
failing to meet body norms [14,15].
Algorithmic Structuring and
Fragmentation of Pro-Ana Communities
YouTube recontextualizes pro-ana discourse differently from
image-centric platforms like Instagram and Pinterest. Its
mixed-genre videos—vlogs, challenges, and reviews—embed
“body talk” into everyday narratives [14,16]. In this space,
where production and consumption overlap, users develop
bonds with creators via comments, likes, and subscriptions.
This accelerates discourse cohesion, evolving into “video-
based communities” built on shared beliefs [17]. These
groups are defined by recurrently consumed, interacted-with
videos, forming cognitive and emotional structures beyond
playlists or channels—platform-based collectives driven by
affect and action.

YouTube’s algorithm strengthens such collectives by
analyzing behavioral data—clicks, watch time, comments,
and subscriptions—to repeatedly recommend similar content
[18,19]. This fosters “filter bubbles” and “echo chambers,”
reinforcing preferences while limiting alternative exposure
[20,21]. Content with high engagement circulates more
widely, amplifying intervideo connectivity through shared
audiences [19,22]. Prior research highlights interactivity,
repetition, emotional resonance, and network structures as
central to shaping these communities [5,23-27].

While YouTube’s algorithmic curation and creator-viewer
interactivity foster cohesion among similarly framed content,
they hinder bridging across divergent frames [19,28]. Pro-ana

advocacy videos often employ emotionally charged personal
storytelling, eliciting empathetic engagement that is algo-
rithmically amplified [5,11], which creates closed clusters
[22]. In contrast, anti–pro-ana and recovery content, largely
from public health perspectives, remains informational
and authoritative, making it less effectively engaging and
rarely connected to pro-ana communities [2,13,29,30]. Thus,
pro-ana content forms dense but isolated clusters.

Within YouTube’s fragmented discursive ecology, pro-ana
discourse functions not as a unified sphere but as heterogene-
ous clusters organized around competing frames. Fragmenta-
tion aligns with channel type. Institutional channels, run by
news outlets or agencies, deliver authoritative critiques of
disordered behaviors using credibility and infrastructure [31-
33]. Conversely, many individual creators—neither health
professionals nor public figures [34,35]—share autobiograph-
ical narratives that glorify thinness or describe recovery,
fostering emotional immersion and parasocial bonds, and
sometimes integrate monetization strategies [1,2,36,37].
Strategic Role of Recovery Frames and
Meso-Level Channels
Subscriber scale influences video visibility, framing styles,
and engagement. “Meso-level” creator channels—moderate
in subscribers—often balance reach and intimacy. They
outperform large-scale channels in emotional resonance and
exceed micro-channels in visibility, making them potential
“bridges” for disrupting clusters and introducing alternative
frames [38,39]. Exploring how these channels foster frame
intersection is crucial for mitigating pro-ana health risks.

Few studies have assessed the structural organization of
pro-ana discourse on YouTube or strategies for transforming
it into intersectable networks. Prior work has emphasized
social support and emotional bonds from pro-ana messag-
ing, showing advocacy’s appeal over prevention [9,29] while
noting the marginalization of recovery narratives [30]. Yet,
most analyses have focused on individual video content,
neglecting intervideo ties and frame diffusion from a network
perspective [40,41].

Accordingly, this study analyzed network-level relation-
ships among pro-ana advocacy, anti–pro-ana, and recov-
ery frames on YouTube. It investigated whether pro-ana
discourse is structurally enclosed within platform clusters
and explored strategies for more effective public health
messaging. Specifically, we assessed whether recovery or
anti–pro-ana narratives generate wider engagement and how
they operate within the broader video network.

We emphasized the strategic value of the “recovery
frame,” often conveyed through autobiographical confessions
by former pro-ana individuals. Such narratives reframe
eating disorders as emotionally resonant journeys, blend-
ing information and affective appeal [40,42]. With this
hybrid structure, recovery frames can align with algorith-
mic preference while retaining emotional pull [14,41]. We
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tested whether recovery narratives, delivered through suitable
channels, soften boundaries and enable cross-frame interac-
tion.

This study situated the analysis in Korea, where idol-
driven thinness ideals and self-discipline ethics strongly shape
young women’s body norms [43]. It diagnosed structural
isolation among pro-ana frames and evaluated recovery’s
potential for diffusion. This will expand theories of platform-
based health risk communication and guide youth protection
strategies, including algorithm adjustment, targeted monitor-
ing, and channel-specific messaging. Ultimately, the study
will advance communication models that address emotionally
driven, closed discourse communities.
Research Questions
In the digital era, health discourse is no longer expert-led
and unidirectional. On participatory platforms like YouTube,
algorithmic curation and user activity drive sophisticated,
fragmented modes of dissemination and transformation.
Within this environment, pro-ana discourse—glamorizing
pathological body images—emerges as a public health threat.
Understanding how it spreads and evolves structurally is
urgent. This study examined how pro-ana discourse is
produced and consumed through framing strategies and how
these frames form distinct network structures shaped by
algorithms and engagement.

As the first research question (RQ1), this study analyzed
framing differences by channel operator (institutional vs
individual) and subscriber scale (mega, meso, or micro).
Unlike prior studies that focused on video content or
anecdotal cases [5,11,13,40], this study empirically assessed
how channel structure and scale influence frame selection
and organization. This approach highlights discourse diversity
and differentiation while offering insights for targeted public
health interventions.

The second research question (RQ2) explored how
pro-ana–related videos form structural networks through
viewer engagement and how these networks evolve. It
examined how channel attributes and framing strategies align
within viewer-driven video networks. A video-level network
was built using commenter overlap to define intervideo ties.
Structural indicators—density, modularity, and community
count—were analyzed longitudinally. This study tested the
claim that pro-ana discourse comprises multiple “refracted
publics” rather than a unified sphere [1]. It also assessed
whether algorithms and user activity create increasingly
enclosed, fragmented structures. As homogeneity strengthens,
networks are expected to cluster tightly, with dense internal
ties and sparse external links—hallmarks of echo chambers
[44].

The third research question (RQ3) examined how channel
characteristics and frame attributes influence intervideo
connections using the exponential random graph model
(ERGM). Beyond descriptive engagement, the ERGM
evaluates when frame-based homophily strengthens and when
heterogeneous ties capable of bridging emerge. Special focus
was given to meso-level individual channels, which—with

moderate subscriber bases—may act as bridges when paired
with anti–pro-ana or recovery frames. By identifying these
roles, this study aimed to develop strategies for frame-channel
collaboration in public health communication to counter the
structural fragmentation and closure of pro-ana discourse on
YouTube.

Methods
Ethical Considerations
This study analyzed only publicly available YouTube videos
and comments; no private content was included. Public
user handles were used only when necessary; however, all
handles were deidentified in any shared datasets and were not
publicly released. Data collection complied with the YouTube
Data API Terms of Service and relevant legal guidelines.
Researchers had no direct interaction with users. Since the
study used noninterventional, publicly accessible, nonidenti-
fiable data with minimal risk, no formal ethics review was
required.
Data Collection
To analyze Korean-language YouTube discourse on eating
disorders and extreme dieting, we used a multistage strat-
egy in August 2024 via the YouTube Data API (v3). The
procedure included (1) exploratory seed video retrieval, (2)
expansion through algorithmically recommended videos, and
(3) topic-based filtering and refinement.

Stage 1: Seed Video Retrieval
We identified seed videos using 4 Korean search terms
linked to pro-ana and extreme dieting: “프로아나” (pro-
ana), “프아 다이어트” (pro-ana diet), “뼈말라” (ppyeo-malla;
“bone-thin”), and “개말라” (gae-malla; “extremely skinny”).
These keywords were drawn from prior studies [13,41] and
discourse analyses in Korean online communities. Using
the YouTube Data API’s search.list endpoint, we retrieved
top-ranked videos for each keyword by relevance. Videos
explicitly tagged or described as pro-ana or extreme dieting
formed the initial seed sample.

Stage 2: Expansion via Related Videos
To capture YouTube’s algorithmic exposure, we collected
“related videos” for each seed video from the sidebar and
autoplay suggestions. Because recommendations depend on
viewing history, we used a clean, no-history account—free
of logins, subscriptions, or prior views—to scrape related
data. This reduced personalization bias and more objectively
reflected default exposure chains [22].

Stage 3: Sample Refinement
The initial corpus included 4174 videos. We refined
the sample by (1) restricting publication to the period
from January 2020 to August 2024, aligning with pan-
demic-linked increases in youth disordered eating [45];
(2) removing duplicates and videos without comment
sections; and (3) excluding off-topic content after reviewing
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titles, descriptions, and transcripts. Videos without pro-ana
advocacy, anti–pro-ana critique, or recovery promotion were
discarded. The final dataset comprised 489 videos from 160
channels. Metadata included video ID, view count, com-
ment count, channel name, and subscriber count (Multimedia
Appendix 1).
YouTube Channel Classification
To evaluate how channel traits influence frame choice and
network structure, we classified channels along 2 dimensions:
operational entity (individual vs institutional) and subscriber
size (mega, meso, or micro). This scheme reflects institutional
embeddedness and communicative reach, providing mean-
ingful strata for analyzing framing strategies and network
positions.

Operational Entity
Channels were coded as institutional or individual. Institu-
tional channels included those managed by news outlets,
broadcasters, health organizations, hospitals, public agencies,
celebrity agencies, or corporations. These typically display

organizational names and standardized formats. Individual
channels, operated by single creators, often feature vlogs,
diet routines, or testimonials, and may share personal contact
details for sponsorship. This distinction captures ownership,
production intent, trustworthiness, audience expectations, and
algorithmic visibility [1].

Subscriber Size
Subscriber count, a proxy for social influence and algo-
rithmic visibility, was divided into 3 tiers based on
influencer marketing literature [1,37]: mega (≥1,000,000
subscribers), meso (100,000-999,999 subscribers), and micro
(10,000-99,999 subscribers).

Combining the 2 dimensions produced 6 channel types:
mega-institution, mega-individual, meso-institution, meso-
individual, micro-institution, and micro-individual. Meso-
individual channels held the largest share (302/489, 61.8%),
followed by micro-individual channels (129/489, 26.4%),
showing that small- to mid-sized individual creators drive
pro-ana discourse on Korean YouTube (Table 1).

Table 1. Channel and video characteristics by channel category in YouTube pro-anorexia discourse (2020‐2024).
Category Channels (N=160), n (%) Average subscribers, n Videos (N=489), n (%) Average views, n
Mega-institution 21 (13.1) 2,676,190 26 (5.3) 1,216,276
Mega-individual 3 (1.9) 2,220,000 4 (0.8) 2,980,878
Meso-institution 19 (11.9) 487,211 20 (4.1) 645,684
Meso-individual 35 (21.9) 335,057 302 (61.8) 706,627
Micro-institution 7 (4.4) 43,864 8 (1.6) 214,262
Micro-individual 75 (46.9) 14,472 129 (26.4) 246,226

Mega-individual channels, though fewer, recorded the highest
average views per video, indicating disproportionately broad
reach (Table 1). In contrast, meso- and micro-individual
channels were central to grassroots production and engage-
ment, making them structurally pivotal for network propaga-
tion. These classifications were later used as independent
variables to explain frame distribution (RQ1), community
structure (RQ2), and edge formation (RQ3).
Frame Analysis for RQ1
To address RQ1, we analyzed 489 YouTube videos
to examine tensions between pro-ana narratives and pub-
lic health counter-responses. Frames are defined here
as interpretive structures that shape audiences’ problem
recognition, emotions, and attitudes by guiding how issues are
presented [46,47]. While traditional media once centralized
frame dissemination, digital media now enables YouTubers
to influence audiences through algorithmically optimized
strategies [22,48]. Creators often use sensational or boundary-
setting discourse to define “normal” bodies and acceptable
behavior [49]. In health-risk discourses like pro-ana, frames
serve not just as information vehicles but also as mechanisms
for belief formation and identity performance [34,35]. When
algorithmically reinforced, frame fragmentation intensifies
polarization [1,18].

Based on prior studies, we categorized 3 major frames
in pro-ana YouTube content. The pro-ana advocacy frame
glamorizes extreme weight loss and presents thinness as
ideal beauty, portraying practices as self-discipline or growth.
Examples include diet vlogs, body-check challenges, and
calorie tutorials, often embedded in the narratives of effort
and transformation [41]. Creators position themselves as
role models through microcelebrity strategies, embodying
beauty and willpower. Their emotional bonds with followers
reproduce the pro-ana frame [7,10].

In contrast, the anti–pro-ana frame stresses the dangers
of extreme dieting and the harms of pro-ana narratives.
It appears mainly in institutional channels, such as news
media or expert-led accounts, using formats like news clips,
interviews, and warning narratives. These videos critique
sociocultural pressures that valorize thinness, reject normali-
zation of pro-ana discourse, and emphasize the ethical need
for intervention [40,41].

Lastly, the recovery frame centers on personal recovery
from eating disorders, such as food diaries and mental health
stories. These autobiographical accounts evoke empathy
and identification among viewers, introducing decentered
voices that disrupt pro-ana communities [40,42]. Expres-
sive strategies include autobiographical narration, contrastive
references to past videos, and audience feedback loops.
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The frame typology was operationalized through a coding
scheme as presented in Table 2, which outlines subframes
under each primary frame. Subframes were coded using a
multi-label strategy and aggregated under the primary frame.

When multiple frames appeared in a video, dominance was
determined by subframe frequency, with coder agreement
resolving inconsistencies.

Table 2. Operational definitions and examples of pro-anaa video frames.
Main frame and subframe Definition Example Prior studies
Pro-ana advocacy
  Thinness glorification Frames extreme thinness as beauty

and an aspirational value.
Idolizing emaciated celebrity bodies
and sharing strict diet before-after
images.

[11,40]

  Self-control Presents diet and exercise as
essential practices for achieving an
ideal body.

Framing fasting or intense workouts
as a healthy discipline.

[11,40]

  Self-harm Links thinness pursuit to fear, guilt,
and harmful behaviors.

Linking weight-loss failure to
anxiety and shame.

[11,40]

Anti–pro-ana
  Disruption of everyday life Positions anorexia as a disorder

threatening health and daily life.
Depicts isolation, family strain, or
health crises caused by disordered
eating.

[41]

  Personal responsibility Attributes pro-ana practices to the
personal pursuit of thinness.

Criticizes young people who imitate
celebrity thinness for self-
gratification.

[41]

  Societal responsibility Blames cultural and media pressures
(eg, idol culture and social media)
for promoting pro-ana norms.

Argues that idol-driven beauty
norms fuel eating disorders among
young women.

[41]

Recovery
  Restoration of everyday life Highlights return to normal eating

and daily routines after recovery.
Sharing meal plans or journals
documenting healthy weight
recovery.

[40,42]

  Self-reflection Promotes body acceptance, regret
over harmful behaviors, and hope for
future well-being.

Recalling past self-harm while
expressing renewed motives for
self-care.

[40,42]

apro-ana: pro-anorexia.

The coding team included 2 master’s students in media
studies. After a pilot phase refining definitions and examples,
independent coding was applied to all 489 videos. Intercoder
reliability was assessed by double-coding 154 random videos
(31% of the total), yielding Cohen κ values of 0.78-0.83
across frames, which indicate substantial agreement and
coding validity.

Social Network Analysis for RQ2
To address RQ2, we used social network analysis (SNA)
to examine how pro-ana videos are linked through shared
commenters and how these links reflect temporal shifts in
discursive cohesion and fragmentation. A video-level network
was built from commenter overlap. Using the commentTh-
reads endpoint of the YouTube Data API, we collected
comments and user IDs from the 489 videos. The dataset
included 1,21,991 comments (range 1‐4935; mean 254.5,
SD 411.2), providing a large sample for interaction analysis
(Multimedia Appendix 2).

Stage 1: Network Construction
We built a 2-mode (video×user) affiliation matrix linking
each video to its top commenters and then projected it onto
a 1-mode (video×video) network. An edge between videos A

and B was created if at least one user commented on both
[19]. To reduce distortions from popular videos or high-sub-
scriber channels [50], edge weights were defined as the
proportion of commenters on video A who also commented
on video B, normalizing for exposure scale [19].

Stage 2: Backbone Extraction
To retain only statistically meaningful ties in the skewed
comment network, we applied the disparity filter, which
preserves edges exceeding random expectation thresholds
(P<.05) [51]. This extracted the network’s significant
backbone, isolating structural ties indicative of discourse
cohesion.

Stage 3: Community Detection and Structural
Indicators
On the backbone network, we calculated global metrics,
such as density, community count, and modularity, to assess
cohesion. The Louvain algorithm was used for community
detection [26]. Modularity values show how well the network
is divided into modules with dense internal and sparse
external ties [27]; higher values indicate echo chamber–like
clusters resistant to frame crossover.
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Stage 4: Time-Series Network Dynamics
To capture structural change over time, we split the data-
set into quarterly periods and repeated backbone extraction,
metric calculation, and community detection for each. This
longitudinal approach tracked network shifts before and after
the COVID-19 pandemic.
ERGM Analysis
To address RQ3, we used the ERGM to identify factors
explaining why pro-ana YouTube videos are connected
via shared commenters. Unlike descriptive SNA, which
characterizes observed structures, the ERGM models the
likelihood of edge formation from node attributes and
structural dependencies [25]. This method is effective for
revealing structural conditions driving public health risks,
focusing not on individual content but on how information
is linked, isolated, or diffused [51].

The dependent variable was a binary indicator: 1 when
two videos shared at least one commenter, and 0 otherwise,
based on the backbone-pruned video network. This captured
the presence of a narrative contagion path from a user-driven
perspective.

Explanatory variables included channel type and dominant
frame. Channel types were grouped into 6 categories based
on ownership (institutional vs individual) and subscriber scale
(mega, meso, or micro). Frames were coded as pro-ana, anti–
pro-ana, or recovery. All variables were categorical.

To capture echo chamber dynamics, we added a node-
match term for frame homogeneity (whether connected
videos shared the same frame). We also modeled interaction
terms between channel type and frame to test whether specific

combinations were more likely to produce user overlap and
cross-frame ties.

Controls included (1) absolute difference in video
views (log-transformed), (2) same-channel indicator (dummy
variable), and (3) upload date gap in days. These accounted
for exposure scale, channel ownership effects, and tempo-
ral proximity. Auxiliary models also included the GWESP
(Geometrically Weighted Edgewise Shared Partners) term to
capture transitivity, ensuring robustness of main effects.

The model was estimated using the ergm package in
R via Markov chain Monte Carlo maximum likelihood
estimation [52]. Convergence was checked with trace plots
and autocorrelation functions, adjusting tuning parameters,
such as burn-in, thinning, and step size, to stabilize standard
errors. Coefficients were reported in log-odds and converted
into odds ratios for interpretability.

Model fit was assessed through simulation-based
goodness-of-fit tests comparing observed and simulated
statistics (degree distribution, geodesic distances, and shared
partners). Robustness was tested by (1) varying the backbone
filter’s α level (α=.01, .05, or .10), (2) replicating the model
on a binarized unfiltered weighted network, and (3) applying
identical model specifications across quarterly networks to
compare pre- and postpandemic structural change.

Our analytical framework (Figure 1) moves beyond
video-level content evaluation by statistically identifying
combinations of content and structural conditions that
facilitate discourse diffusion. It also highlights strategic
public health messaging targets within emotionally driven,
algorithmically reinforced discourse environments.
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Figure 1. Research flow. API: application programming interface; MCMC: Markov chain Monte Carlo; pro-ana: pro-anorexia.

Step 1. Data collecting & filtering Step 2. Analysis

- Collection method: Seed search + related 
video expansion

- Search keywords: Pro-ana, “뼈말라” (bone-
thin), “개말라” (extremely skinny)

- Initial sample size: 4174 videos

▪ YouTube data collection (API)

- Operator type: Institutional vs Individual
- Subscriber scale: Mega/Meso/Micro 

▪ YouTube channel typology

- Main frame: Pro-ana advocacy; Anti–pro-ana; 
Recovery 

▪ Frame analysis

- Period: Jan 2020-Aug 2024 (56 months)
- Filtering: Duplicates; No-comments; Off-topic
- Final sample size: 489 videos; 160 channels

▪ Sample refinement

- Model : Binary ties (shared commenters); 
Predictors (channel & frames); MCMC 
estimation

▪ Exponential random graph model

- Network construction: Backbone extraction; 
Louvain clustering; Temporal dynamics

▪ Social network analysis

Results
Use of Frames by Channel Type
We cross-tabulated 8 subframes of pro-ana discourse across
6 channel types (Table 3) and analyzed their distributions.
Because videos may include multiple subframes—potentially

violating independence assumptions of the chi-square test
—and some cells had low counts, we used Monte Carlo–
approximated Fisher exact tests by frame. As a sensitivity
check, a Monte Carlo chi-square test was also applied to the
full table, confirming a highly significant association between
subframes and channel type (Monte Carlo χ235=585.12;
P<.001).

Table 3. Distribution of pro-anaa subframes in 489 YouTube videos by channel type (2020-2024).
Main frame and subframe Mega-level Meso-level Micro-level

Institutionb
(N=26), n (%)

Individualb
(N=4), n (%)

Institutionb
(N=20), n (%)

Individualb
(N=302), n (%)

Institutionb
(N=8), n (%)

Individualb
(N=129), n (%)

Pro-ana advocacy
  Thinness glorification 2 (7.7) 1 (25.0) 2 (10.0) 61 (20.2) 0 (0.0) 51 (39.5)
  Self-control 2 (7.7) 3 (75.0) 2 (10.0) 276 (91.5) 0 (0.0) 44 (34.1)
  Self-harm 1 (3.9) 0 (0.0) 0 (0.0) 6 (2.0) 0 (0.0) 5 (4.0)
Anti–pro-ana
  Disruption of everyday life 20 (76.9) 0 (0.0) 16 (80.0) 8 (2.7) 6 (75.0) 10 (7.8)
  Personal responsibility 7 (26.9) 1 (25.0) 6 (30.0) 0 (0.0) 6 (75.0) 7 (5.4)
  Societal responsibility 13 (50.0) 0 (0.0) 9 (45.0) 1 (0.3) 4 (50.0) 3 (2.3)
Recovery
  Restoration of everyday life 2 (7.7) 0 (0.0) 1 (5.0) 2 (0.7) 0 (0.0) 44 (34.1)
  Self-reflection 2 (7.7) 0 (0.0) 1 (5.0) 2 (0.7) 0 (0.0) 12 (9.3)

apro-ana: pro-anorexia.
bAs multiple subframes could be assigned to a video, totals for each channel type may exceed the number of videos in that category.

Pro-ana advocacy subframes (thinness glorification, self-
control, and self-harm) were concentrated in individual
channels, especially meso- and micro-individual channels.
Standardized residuals showed that self-control was far

more frequent in meso-individual channels (z=14.95), while
thinness glorification was more frequent in micro-individ-
ual channels (z=4.30). These results suggest that mid- and
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small-scale channels incubate messages glorifying thinness
and reframing disordered eating as “self-discipline.”

Anti–pro-ana subframes (disruption of everyday life,
personal responsibility, and societal responsibility) were
concentrated in institutional channels. Mega- and meso-insti-
tutional channels exceeded expectations for disruption of
everyday life (z=7.85 and 7.27, respectively), and both
personal responsibility and societal responsibility were
overrepresented in mega-institutional channels (z=3.64 and
7.52, respectively) and meso-institutional channels (z=3.74
and 5.82, respectively). These findings confirm that legacy
media and professional channels drive critical discourse on
eating disorder risks and societal responsibilities.

Recovery subframes, especially restoration of everyday
life and self-reflection, appeared mainly in micro-individual

channels. Restoration of everyday life was significantly
above expectation (z=10.15; P<.001), with self-reflection
also elevated (z=4.03; P<.001). This suggests that intimate,
recovery-oriented narratives are most clearly articulated by a
small-scale creator.

When subframes were aggregated into 3 primary frame
categories and reanalyzed (Table 4), channel type and frame
category again showed a significant association (χ210=397.10;
P<.001). Post hoc residuals indicated strong overrepresen-
tation of pro-ana advocacy in meso-individual channels
(z=13.86); anti–pro-ana in mega- (z=10.71) and meso-institu-
tional channels (z=8.72); and recovery in micro-individual
channels (z=11.08).

Table 4. Frequency of videos (N=489) featuring pro-anaa frames by YouTube channel type.
Variable Mega-level Meso-level Micro-level

Institution
(N=26), n (%)

Individual
(N=4), n (%)

Institution
(N=20), n (%)

Individual
(N=302), n (%)

Institution
(N=8), n (%)

Individual
(N=129), n (%)

Pro-ana advocacy 2 (7.7) 3 (75.0) 3 (15.0) 292 (96.7) 0 (0.0) 69 (53.5)
Anti–pro-ana 22 (84.6) 1 (25.0) 16 (80.0) 8 (2.6) 8 (100.0) 13 (10.1)
Recovery 2 (7.7) 0 (0.0) 1 (5.0) 2 (0.7) 0 (0.0) 47 (36.4)

apro-ana: pro-anorexia.

These results reveal a bifurcated ecosystem: mid-scale
individuals diffuse pro-ana advocacy, large institutional
channels anchor anti–pro-ana critique, and small individ-
ual creators host recovery narratives. Recovery’s concentra-
tion in micro-individual channels suggests limited diffusion,
underscoring the need for bridging strategies to broaden
reach.
Community Structure of the Pro-Ana
Video Network
After backbone filtering, we built a commenter-overlap
network with 435 videos and 906 edges representing shared
audiences (Table 5). Node degrees ranged from 1 to 247, with
a median of 1, showing that most videos shared audiences
with only a few others. Network density was low (0.96%).
Louvain community detection identified 19 modules, with

modularity at 0.58, suggesting closed subgroups with strong
internal ties but sparse external links. Thus, pro-ana discourse
resembles a fragmented ecology of isolated modules rather
than a unified sphere.

To extend this static snapshot, quarterly networks were
analyzed (Figure 2) for density, modularity, and commun-
ity count. Density was higher in late 2020 but fell sharply
after mid-2021 (Kwiatkowski-Phillips-Schmidt-Shin [KPSS]
P=.049), showing weakened audience overlap. Modularity
increased across the period (KPSS P=.046), indicating echo
chamber intensification as similar-frame videos increasingly
shared commenters. Community counts peaked in Q4 2022
but fluctuated without a clear trend (KPSS P=.07). Over-
all, the postpandemic network grew more polarized into
homogeneous, self-reinforcing clusters.

Table 5. Backbone commenter-overlap network derived from 489 pro-anaa YouTube videos.
Term Definition Value in the observed network
Node Fundamental network unit; here, each node represents a single pro-ana YouTube video. 435
Edge Connection between 2 nodes, indicating meaningful commenter overlap—ie, at least a

minimum number of shared commenters.
906

Degree Number of edges incident on a node, showing how many videos are directly linked
through shared commenter activity.

Range: 1-247; median=1

Density Proportion of observed to possible edges, measuring overall connectivity. 0.96%
Modularity (number
of communities)

Degree to which the network decomposes into dense internal ties and sparse external ties;
includes the number of detected communities.

0.58 (19)

apro-ana: pro-anorexia.
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Figure 2. Quarterly trends in structural properties of the pro-anorexia (pro-ana) YouTube commenter network (2020‐2024). This figure illustrates
quarterly trends in density (A), modularity (B), and community (C) count for the pro-ana YouTube commenter-overlap network from Q4 2020 to
Q3 2024. The network is constructed by linking videos based on shared commenters, with backbone extraction applied to retain only statistically
significant connections. Network density reflects the concentration of comments, modularity measures the strength of clustering, and the number of
communities indicates the degree of network fragmentation. Quarters with no surviving edges after backbone extraction are excluded.

To analyze thematic content, we examined frame composi-
tion in the largest communities (Figure 3). Community 1
(n=242) was almost entirely pro-ana, forming a dense core
repeatedly drawing active commenters. Community 2 (n=79)
mixed pro-ana, anti–pro-ana, and recovery frames, creating a
more heterogeneous discursive space. By contrast, commun-
ity 3 (n=13) was nearly all anti–pro-ana, and community

4 (n=25) was entirely recovery—both located at the periph-
ery. These results suggest that critical and recovery mes-
sages occasionally penetrate the advocacy core but remain
marginal, largely confined to peripheral enclaves. Overall, the
pro-ana ecosystem is multitiered, dominated by an advocacy-
centered core, with critical or recovery frames limited to
sporadic bridging.

Figure 3. Frame-based community structure of the pro-anorexia (pro-ana) video network on YouTube (2020‐2024). This network visualization
illustrates the community structure of the pro-ana video network, based on commenter overlap among 489 YouTube videos from 2020 to 2024. Each
node represents a video, and edges connect videos that share common commenters. Colors indicate the dominant frame type of each video: red for
pro-ana advocacy, blue for anti–pro-ana, and green for recovery. The visualization highlights frame-based clustering and potential echo chambers
within the pro-ana discourse on YouTube.

Community 1

Community 2

Community 3

Community 4

ERGM Estimates
For RQ3, we estimated 2 ERGMs with commenter-over-
lap edges as the dependent variable (Table 6). Model 1

included main effects for channel type, video frame, and
frame-based homophily, and controls for log-transformed
view count difference and same-channel membership. Model
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2 added interaction terms between channel type and frame.
Both models converged successfully and fit significantly

better than a baseline edges-only model (model 1 Δdevi-
ance=1109.04; P<.001).

Table 6. Exponential random graph models predicting edge formation in the anorexia-related YouTube video network by channel and frame type.
Variable Model 1a Model 2a

Edges −4.88b (0.26) −5.41b (0.33)
Individual terms
  Channel type (reference: micro-personal)
   Mega-institution 1.41b (0.12) 1.80b (0.22)
   Mega-individual 1.78b (0.18) 2.11b (0.21)
   Meso-institution 1.12b (0.12) 1.31b (0.23)
   Meso-individual −0.75b (0.09) −1.10b (0.13)
   Micro-institution 1.32b (0.17) 1.82b (0.53)
  Video frame (reference: pro-anac advocacy)
   Anti–pro-ana −0.12 (0.23) 0.40 (0.29)
   Recovery 0.29 (0.18) 0.37 (0.29)
Dyadic terms
  Homophily
   Anti–pro-ana 0.79b (0.24) 0.92d (0.33)
   Recovery frame 0.55 (0.28) 0.56 (0.40)
   Pro-ana advocacy 0.40 (0.23) 1.14b (0.31)
  Controls
   View count (absdiff) −0.77b (0.07) −0.78b (0.07)
   Channel ID (nodematch) 1.72b (0.13) 2.19b (0.16)
Interaction terms
  Mega-institution×anti–pro-ana frame —e −0.40f (0.16)
  Mega-individual×anti–pro-ana frame — −0.64f (0.26)
  Meso-institution×anti–pro-ana frame — −0.24 (0.17)
  Meso-individual×anti–pro-ana frame — 0.44d (0.15)
  Micro-institution×anti–pro-ana frame — −0.44 (0.33)
  Mega-institution×recovery frame — −0.03 (0.22)
  Mega-individual×recovery frame — −0.65 (0.76)
  Meso-institution×recovery frame — −0.22 (0.29)
  Meso-individual×recovery frame — 0.95b (0.23)
  Micro-institution×recovery frame — −0.06 (0.49)
Model AICg 9566 9545
Reduction in residual deviance (df)
  Compared with the edge-only model 1109.04 (12)b —
  Compared with model 1 — 40.99 (10)b

aResults are from 2 exponential random graph models testing factors influencing commenter-overlap edges among anorexia-related YouTube videos.
bP<.001.
cpro-ana: pro-anorexia.
dP<.01.
eNot applicable.
fP<.05.
gAIC: Akaike information criterion.

In model 1, relative to micro-individual channels, videos from
mega-institutional (β=1.41; P<.001; odds ratio [OR]=4.1),
mega-individual (β=1.78; P<.001; OR=5.9), meso-institu-
tional (β=1.12; P<.001; OR=3.1), and micro-institutional
channels (β=1.32; P<.001; OR=3.8) showed a significantly
higher likelihood of commenter sharing. By contrast,

meso-individual channels had a significant negative effect
(β=−0.75; P<.001; OR=0.47). While frame main effects were
nonsignificant, strong homophily emerged for anti–pro-ana
(β=0.79; P<.001; OR=2.20), meaning same-frame videos
were more likely to share commenters. Pro-ana and recovery
homophily were positive but nonsignificant. Among controls,
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larger view-count gaps reduced edge probability (β=−0.77;
P<.001; OR=0.46), while same-channel videos were much
more connected (β=1.72; P<.001; OR=5.58).

Model 2, with interaction terms, improved fit (Δdevi-
ance=40.99; P<.001). Pro-ana homophily became significant
(β=1.14; P<.001; OR=3.12). The meso-individual×anti–pro-
ana interaction was positive (β=0.44; P=.003; OR=1.55),
showing that mid-scale creators of anti–pro-ana content
had greater commenter overlap than expected. The meso-
individual×recovery interaction was even stronger (β=0.95;
P<.001; OR=2.59), indicating that recovery narratives from
meso-level creators act as effective bridges across segmen-
ted networks. In contrast, the mega-institution×anti–pro-ana
(β=0.40; P=.01; OR=0.67) and mega-individual×anti–pro-
ana interactions (β=−0.64; P=.01; OR=0.53) were negative,
suggesting that critical content from large channels generated
less commenter sharing than predicted.

In summary, channel type, frame, and their interaction
significantly shaped commenter-based intervideo connec-
tions. Mega-institutional channels showed high audience
overlap, forming dense network regions, whereas meso-indi-
vidual channels with anti–pro-ana and recovery frames acted
as connectors, suggesting alternative diffusion paths. These
findings indicate that mid-scale creators occupy strategic
positions for exposing advocacy-dominated communities to
critical and recovery narratives.

Discussion
Principal Findings
This study examined pro-ana discourse on YouTube within
South Korea’s public health context, where adolescent dieting
is a major concern. We analyzed how discourse is structured
by channel type and framing strategy, and how overlapping
commenters influence network cohesion or fragmentation.

Channels were grouped by ownership and subscriber
scale into 6 types, while videos were coded into 3 frames.
Analytically, we described framing variation across channel
types (RQ1), used SNA to map clustering based on shared
commenters (RQ2), and applied the ERGM to test edge
formation by frame and channel (RQ3).

The content analysis showed that pro-ana advocacy frames
were concentrated in individual-run channels, particularly
meso- and micro-level creators. In contrast, institutional
channels—especially those with mega or meso followings—
primarily used anti–pro-ana frames stressing health risks and
social responsibility. Recovery framing appeared most often
in micro-level individual channels, underscoring the need to
examine how such narratives spread and connect within the
broader video network.

Network analysis revealed that the video network
consisted of multiple tightly knit clusters. Over time, density
declined while modularity increased, indicating growing
fragmentation. The largest cluster was dominated by pro-ana
advocacy videos, whereas anti–pro-ana and recovery content

remained peripheral. Cross-frame bridges existed but were
limited in both frequency and strength.

ERGM results showed that institutional channels with
mega- or meso-scale audiences were more likely to be linked
through shared commenters. Meso-level individual channels,
though less connected overall, had significantly higher
tie formation when paired with anti–pro-ana or recovery
frames. This indicates the potential for bridging discourse
clusters, though not causal transmission. Overall, channel
type, framing, and their interaction significantly shaped the
probability of intervideo connections, highlighting mid-scale
individual channels as strategic for spreading health-oriented
counter-narratives.

Together, the 3 analyses provide a multidimensional
account of how pro-ana discourse is organized and sus-
tained on YouTube. Videos using critical or recovery
frames, when disseminated through meso-level individual
channels, emerged as key cross-frame junctures. These
channels represent strategic nodes for advancing public health
communication.
Implications
This study shows that pro-ana discourse on YouTube does
not exist within a single open sphere but rather within
a fragmented, multilayered ecology shaped by algorithmic
curation and selective viewing—a “refracted public” [1].
Meso- and micro-level individual channels use microcele-
brity tactics [53] and platform affordances to promote
and normalize extreme dieting. These creators generate
concentrated volumes of pro-ana content and foster repea-
ted consumption within niche groups, reinforcing discur-
sive insularity. Conversely, institutional channels emphasize
recovery narratives and health warnings, but user preferen-
ces and recommendation algorithms restrict their diffusion,
limiting them to pre-existing audiences.

Our network analysis using overlapping commenters
quantified this segmentation. Rising modularity and declining
intercluster connectivity indicate structural limits in linking
recovery or critical content with dominant pro-ana clusters.
Still, meso-level individual channels emerged as prolific
recovery storytellers and bridges for cross-frame commenter
overlaps. Their position underscores mid-scale influencers
as strategic leverage points for amplifying recovery frame
dissemination.

This study advances health communication research by
shifting the focus from institutional campaigns or mes-
sage content alone to the interplay among user participa-
tion, network structure, and channel typology. Prior studies
have shown that social media reduces stigma and spreads
eating disorder information [54,55], and influencers can
drive positive change [44,56,57]. Our work adds empirical,
network-level analysis of how users engage with and circulate
pro-ana frames, offering both theoretical and methodological
contributions to platform-based health risk communication.

The Korean context—where thinness ideals are reinforced
through fandom, beauty, and fashion content—amplifies the
algorithmic visibility of pro-ana discourse. This phenomenon
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is not unique; similar patterns of esthetic normalization and
clustering appear in Western contexts [14,41], suggesting
broader applicability of our findings.

Practically, this study offers 3 recommendations for public
health authorities and digital health communicators. First,
rather than relying on blocking harmful content or top-
down criticism, emotionally resonant recovery narratives are
needed that align with engagement logics inside pro-ana echo
chambers. Collaborating with mid-scale creators—especially
those sharing recovery experiences—can reduce resistance
and increase receptivity [40,58]. Second, interactive formats
that align with YouTube’s affective interface, such as Q&A
live streams, recovery-themed challenges, and first-person
storytelling, can boost engagement and algorithmic visibility.
Third, these strategies extend beyond pro-ana discourse to
high-risk contexts like mental health and online extremism,
helping transform echo chambers into more interconnected
deliberative spaces.
Limitations
This study focused only on videos with publicly available
comment data to build the commenter-overlap network. As
a result, it excluded silent viewing patterns not captured
through comments, which may overlook less interactive but
influential content. Future research should integrate exposure
metrics (eg, views and watch time) with survey or interview
data to capture the full spectrum of engagement.

Another limitation is the lack of reliable demographic
data on commenters, restricting assessment of engagement
heterogeneity by age, gender, or location and limiting analysis
of minority group vulnerability. We also could not confirm
whether repeated commenter appearances reflected multiple
accounts or bot activity, creating potential bias in interpreting
edge density or centrality. This may produce an illusion of
inflated interaction around certain channels or frame types,
reducing the accuracy of network interpretations. Future

research should combine network analysis with qualitative
content analysis or targeted interviews to better capture user
motivations, identities, and engagement authenticity.
Conclusions
This study analyzed the multilayered discursive architecture
of pro-ana content on YouTube by examining interactions
among channels, frames, and networks. Content analysis
showed that advocacy, criticism, and recovery frames varied
systematically by channel ownership and subscriber scale.
SNA revealed frame-based clustering and growing fragmenta-
tion over time. The ERGM estimated conditional probabilities
of video-to-video connections based on shared commenters,
offering insights into who spreads which messages and how.

A key finding is that meso-level individual channels,
when delivering recovery or critical frames, foster cross-
frame overlaps in participation that may disrupt pro-ana echo
chambers. Theoretical contributions include: (1) conceptual-
izing pro-ana discourse as a “fragmented, refracted public”
rather than a unified echo chamber, (2) advancing under-
standing of boundary construction and bridging mechanisms
in digital public spheres, and (3) demonstrating the value
of combining commenter-overlap network analysis with the
ERGM for studying risk communication on digital platforms.

This study highlights the importance of network-aware
health communication strategies that engage mid-scale
individual channels as partners in disrupting harmful
discourses and amplifying recovery frames. Public health
institutions should collaborate with creators to increase
message trust and reach while leveraging data-driven
targeting to identify and intervene with at-risk groups.
Commenter-based network analysis also provides a frame-
work for understanding content flows and designing structural
interventions that can open closed communities and promote
exposure to health-supportive perspectives.

Acknowledgments
We acknowledge the use of ChatGPT (OpenAI) to assist in translating parts of the manuscript from Korean into English.
All artificial intelligence–assisted text was reviewed, verified, and edited by the authors, who assume full responsibility for
the final content. No external financial, commercial, or institutional support was received for the research, authorship, or
publication of this article.
Conflicts of Interest
None declared.
Multimedia Appendix 1
Video-level data.
[ZIP File (ZIP archive File), 53 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Comment-level data.
[ZIP File (ZIP archive File), 8598 KB-Multimedia Appendix 2]
References
1. Abidin C. From “networked publics” to “refracted publics”: a companion framework for researching “below the radar”

studies. Social Media + Society. Jan 2021;7(1). [doi: 10.1177/2056305120984458]

JOURNAL OF MEDICAL INTERNET RESEARCH Oh & Lee

https://www.jmir.org/2025/1/e77168 J Med Internet Res2025 | vol. 27 | e77168 | p. 12
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v27i1e77168_app1.zip
https://jmir.org/api/download?alt_name=jmir_v27i1e77168_app1.zip
https://jmir.org/api/download?alt_name=jmir_v27i1e77168_app2.zip
https://jmir.org/api/download?alt_name=jmir_v27i1e77168_app2.zip
https://doi.org/10.1177/2056305120984458
https://www.jmir.org/2025/1/e77168


2. Bishop S. Managing visibility on YouTube through algorithmic gossip. New Media & Society. Nov
2019;21(11-12):2589-2606. [doi: 10.1177/1461444819854731]

3. Rieder B, Matamoros-Fernández A, Coromina Ò. From ranking algorithms to “ranking cultures”: investigating the
modulation of visibility in YouTube search results. Convergence. 2018;24(1):50-68. [doi: 10.1177/1354856517736982]

4. Burgess J, Green J. YouTube: Online Video and Participatory Culture. 2nd ed. Polity Press; 2018. ISBN:
9781509533596

5. Boero N, Pascoe CJ. Pro-anorexia communities and online interaction: bringing the pro-ana body online. Body Soc. Jun
2012;18(2):27-57. [doi: 10.1177/1357034X12440827]

6. Horie T, Harashima S, Yoneda R, et al. A series of patients with purging type anorexia nervosa who do “tube vomiting”.
Biopsychosoc Med. 2016;10:32. [doi: 10.1186/s13030-016-0083-3] [Medline: 27891176]

7. Ging D, Garvey S. ‘Written in these scars are the stories I can’t explain’: a content analysis of pro-ana and thinspiration
image sharing on Instagram. New Media & Society. Mar 2018;20(3):1181-1200. [doi: 10.1177/1461444816687288]

8. Rodgers RF, Skowron S, Chabrol H. Disordered eating and group membership among members of a pro-anorexic online
community. Eur Eat Disord Rev. Jan 2012;20(1):9-12. [doi: 10.1002/erv.1096] [Medline: 21305675]

9. Tong ST, Heinemann-Lafave D, Jeon J, Kolodziej-Smith R, Warshay N. The use of pro-ana blogs for online social
support. Eat Disord. 2013;21(5):408-422. [doi: 10.1080/10640266.2013.827538] [Medline: 24044597]

10. Brown Z, Tiggemann M. Celebrity influence on body image and eating disorders: a review. J Health Psychol. Apr
2022;27(5):1233-1251. [doi: 10.1177/1359105320988312] [Medline: 33499697]

11. Brotsky SR, Giles D. Inside the “pro-ana” community: a covert online participant observation. Eat Disord.
2007;15(2):93-109. [doi: 10.1080/10640260701190600] [Medline: 17454069]

12. Cobb G. “This is not pro-ana”: denial and disguise in pro-anorexia online spaces. Fat Studies. May 4, 2017;6(2):189-205.
[doi: 10.1080/21604851.2017.1244801]

13. Oksanen A, Garcia D, Sirola A, et al. Pro-anorexia and anti-pro-anorexia videos on YouTube: sentiment analysis of user
responses. J Med Internet Res. Nov 12, 2015;17(11):e256. [doi: 10.2196/jmir.5007] [Medline: 26563678]

14. Holmes S. ‘My anorexia story’: girls constructing narratives of identity on YouTube. Cultural Studies. Jan 2,
2017;31(1):1-23. [doi: 10.1080/09502386.2016.1138978]

15. Smolak L. Body image in children and adolescents: where do we go from here. Body Image. Jan 2004;1(1):15-28. [doi:
10.1016/S1740-1445(03)00008-1] [Medline: 18089138]

16. Taniguchi E, Lee HE. Cross-cultural differences between Japanese and American female college students in the effects
of witnessing fat talk on Facebook. J Intercult Commun Res. Nov 2012;41(3):260-278. [doi: 10.1080/17475759.2012.
728769]

17. Barzilai‐Nahon K. Gatekeeping: a critical review. Annual Review Info Sci & Tec. Jan 2009;43(1):1-79. [doi: 10.1002/
aris.2009.1440430117]

18. Gillespie T. Custodians of the Internet: Platforms, Content Moderation, and the Hidden Decisions That Shape Social
Media. Yale University Press; 2018. ISBN: 9780300235029

19. Rauchfleisch A, Kaiser J. The German far-right on YouTube: an analysis of user overlap and user comments. J Broadcast
Electron Media. Jul 2, 2020;64(3):373-396. [doi: 10.1080/08838151.2020.1799690]

20. Pariser E. The Filter Bubble: What the Internet Is Hiding From You. Penguin Books; 2011. ISBN: 9780141969923
21. Sunstein CR. Republic.com 2.0. Princeton University Press; 2007. ISBN: 9780691133560
22. Wang J, Qu JG, Leo-Liu J. An algorithmically woven community: disclosing mental illness and connecting with similar

others on an algorithm-mediated platform in China. Social Media + Society. Oct 2023;9(4):20563051231205596. [doi:
10.1177/20563051231205596]

23. Oksanen A, Garcia D, Räsänen P. Proanorexia communities on social media. Pediatrics. Jan 2016;137(1):e20153372.
[doi: 10.1542/peds.2015-3372] [Medline: 26676052]

24. Fernback J, Thompson B. Virtual communities: abort, retry, failure. Rheingold. 1995. URL: https://www.rheingold.com/
texts/techpolitix/VCcivil.html [Accessed 2025-10-28]

25. Robins G, Pattison P, Kalish Y, Lusher D. An introduction to exponential random graph (p*) models for social networks.
Soc Networks. May 2007;29(2):173-191. [doi: 10.1016/j.socnet.2006.08.002]

26. Blondel VD, Guillaume JL, Lambiotte R, Lefebvre E. Fast unfolding of communities in large networks. J Stat Mech. Oct
1, 2008;2008(10):10008. [doi: 10.1088/1742-5468/2008/10/P10008]

27. Newman MEJ. Modularity and community structure in networks. Proc Natl Acad Sci U S A. Jun 6,
2006;103(23):8577-8582. [doi: 10.1073/pnas.0601602103] [Medline: 16723398]

28. McPherson M, Smith-Lovin L, Cook JM. Birds of a feather: homophily in social networks. Annu Rev Sociol. Aug
2001;27(1):415-444. [doi: 10.1146/annurev.soc.27.1.415]

JOURNAL OF MEDICAL INTERNET RESEARCH Oh & Lee

https://www.jmir.org/2025/1/e77168 J Med Internet Res2025 | vol. 27 | e77168 | p. 13
(page number not for citation purposes)

https://doi.org/10.1177/1461444819854731
https://doi.org/10.1177/1354856517736982
https://doi.org/10.1177/1357034X12440827
https://doi.org/10.1186/s13030-016-0083-3
http://www.ncbi.nlm.nih.gov/pubmed/27891176
https://doi.org/10.1177/1461444816687288
https://doi.org/10.1002/erv.1096
http://www.ncbi.nlm.nih.gov/pubmed/21305675
https://doi.org/10.1080/10640266.2013.827538
http://www.ncbi.nlm.nih.gov/pubmed/24044597
https://doi.org/10.1177/1359105320988312
http://www.ncbi.nlm.nih.gov/pubmed/33499697
https://doi.org/10.1080/10640260701190600
http://www.ncbi.nlm.nih.gov/pubmed/17454069
https://doi.org/10.1080/21604851.2017.1244801
https://doi.org/10.2196/jmir.5007
http://www.ncbi.nlm.nih.gov/pubmed/26563678
https://doi.org/10.1080/09502386.2016.1138978
https://doi.org/10.1016/S1740-1445(03)00008-1
http://www.ncbi.nlm.nih.gov/pubmed/18089138
https://doi.org/10.1080/17475759.2012.728769
https://doi.org/10.1080/17475759.2012.728769
https://doi.org/10.1002/aris.2009.1440430117
https://doi.org/10.1002/aris.2009.1440430117
https://doi.org/10.1080/08838151.2020.1799690
https://doi.org/10.1177/20563051231205596
https://doi.org/10.1542/peds.2015-3372
http://www.ncbi.nlm.nih.gov/pubmed/26676052
https://www.rheingold.com/texts/techpolitix/VCcivil.html
https://www.rheingold.com/texts/techpolitix/VCcivil.html
https://doi.org/10.1016/j.socnet.2006.08.002
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1073/pnas.0601602103
http://www.ncbi.nlm.nih.gov/pubmed/16723398
https://doi.org/10.1146/annurev.soc.27.1.415
https://www.jmir.org/2025/1/e77168


29. Syed-Abdul S, Fernandez-Luque L, Jian WS, et al. Misleading health-related information promoted through video-based
social media: anorexia on YouTube. J Med Internet Res. Feb 13, 2013;15(2):e30. [doi: 10.2196/jmir.2237] [Medline:
23406655]

30. Yeshua-Katz D, Martins N. Communicating stigma: the pro-ana paradox. Health Commun. 2013;28(5):499-508. [doi:
10.1080/10410236.2012.699889] [Medline: 22873763]

31. Kim J. The institutionalization of YouTube: from user-generated content to professionally generated content. Media,
Culture & Society. Jan 2012;34(1):53-67. [doi: 10.1177/0163443711427199]

32. van Dalen A. Algorithmic Gatekeeping for Professional Communicators: Power, Trust, and Legitimacy. Routledge;
2023. [doi: 10.4324/9781003375258]

33. Many Americans get news on YouTube, where news organizations and independent producers thrive side by side. Pew
Research Center. 2020. URL: https://www.pewresearch.org/journalism/2020/09/28/many-americans-get-news-on-
youtube-where-news-organizations-and-independent-producers-thrive-side-by-side/ [Accessed 2025-04-29]

34. Yoo JH, Kim J. Obesity in the new media: a content analysis of obesity videos on YouTube. Health Commun.
2012;27(1):86-97. [doi: 10.1080/10410236.2011.569003] [Medline: 21809934]

35. Aubrey JS, Speno AG, Gamble H. Appearance framing versus health framing of health advice: assessing the effects of a
YouTube channel for adolescent girls. Health Commun. Mar 2020;35(3):384-394. [doi: 10.1080/10410236.2018.
1564955] [Medline: 30648450]

36. Abidin C. “Aren’t these just young, rich women doing vain things online?”: influencer selfies as subversive frivolity.
Social Media + Society. Apr 1, 2016;2(2):2056305116641342. [doi: 10.1177/2056305116641342]

37. Hou M. Social media celebrity and the institutionalization of YouTube. Convergence. Jun 2019;25(3):534-553. [doi: 10.
1177/1354856517750368]

38. Duan Y, Hemsley J, Smith AO, Joh U, Gray L, Khoury C. Curating virality: exploring curated logics within
#BlackLivesMatter on Twitter/X. Social Media + Society. Apr 2024;10(2):20563051241242799. [doi: 10.1177/
20563051241242799]

39. Hemsley J. Followers retweet! the influence of middle‐level gatekeepers on the spread of political information on
Twitter. Policy Internet. Sep 2019;11(3):280-304. [doi: 10.1002/poi3.202]

40. Branley DB, Covey J. Pro-ana versus pro-recovery: a content analytic comparison of social media users’ communication
about eating disorders on Twitter and Tumblr. Front Psychol. 2017;8:1356. [doi: 10.3389/fpsyg.2017.01356] [Medline:
28848472]

41. Sirola A, Kaakinen M, Turja T, Oksanen A. (Un)doing deviance: social categorization in user reactions to pro-anorexia
videos on YouTube. In: Wright MF, editor. Digital Technology: Advances in Research and Applications. Nova Science
Publishers; 2019:231-260. ISBN: 9781536164381

42. Herrick SSC, Hallward L, Duncan LR. “This is just how I cope”: an inductive thematic analysis of eating disorder
recovery content created and shared on TikTok using #EDrecovery. Int J Eat Disord. Apr 2021;54(4):516-526. [doi: 10.
1002/eat.23463] [Medline: 33382136]

43. Belalcazar Vivas V. Prevalence of disturbance of body image perception and engagement in risky behaviors for eating
disorders motivated by the Korean wave. Int J Soc Psychiatry. Feb 2025;71(1):109-115. [doi: 10.1177/
00207640241280719] [Medline: 39263991]

44. Aljunaid MA, Alshahrani NZ, Terra M, Baklola M, Alshahrani N. Unpacking the role of YouTube influencers in shaping
healthy attitudes and behaviors in Saudi Arabia: a cross-sectional study. Cureus. Apr 2024;16(4):e57390. [doi: 10.7759/
cureus.57390] [Medline: 38590976]

45. Spettigue W, Obeid N, Erbach M, et al. The impact of COVID-19 on adolescents with eating disorders: a cohort study. J
Eat Disord. Jun 4, 2021;9(1):65. [doi: 10.1186/s40337-021-00419-3] [Medline: 34088342]

46. Entman RM. Framing: toward clarification of a fractured paradigm. J Commun. Dec 1, 1993;43(4):51-58. [doi: 10.1111/
j.1460-2466.1993.tb01304.x]

47. Gitlin T. Making democracy safe for America. Columbia J Rev. 1980;18(6):53-60. URL: https://www.proquest.com/
docview/1298110234?sourcetype=Scholarly%20Journals [Accessed 2025-10-28]

48. Thorson K, Wells C. Curated flows: a framework for mapping media exposure in the digital age. Commun Theor. Aug
2016;26(3):309-328. [doi: 10.1111/comt.12087]

49. Borah P. Competitive framing, emotion and heterogeneity: framing effects on Twitter in the case of an alt-right rally.
OIR. Oct 14, 2021;45(6):1131-1147. [doi: 10.1108/OIR-10-2020-0443]

50. Webster JG, Ksiazek TB. The dynamics of audience fragmentation: public attention in an age of digital media. J
Commun. Feb 2012;62(1):39-56. [doi: 10.1111/j.1460-2466.2011.01616.x]

51. Serrano MA, Boguñá M, Vespignani A. Extracting the multiscale backbone of complex weighted networks. Proc Natl
Acad Sci U S A. Apr 21, 2009;106(16):6483-6488. [doi: 10.1073/pnas.0808904106] [Medline: 19357301]

JOURNAL OF MEDICAL INTERNET RESEARCH Oh & Lee

https://www.jmir.org/2025/1/e77168 J Med Internet Res2025 | vol. 27 | e77168 | p. 14
(page number not for citation purposes)

https://doi.org/10.2196/jmir.2237
http://www.ncbi.nlm.nih.gov/pubmed/23406655
https://doi.org/10.1080/10410236.2012.699889
http://www.ncbi.nlm.nih.gov/pubmed/22873763
https://doi.org/10.1177/0163443711427199
https://doi.org/10.4324/9781003375258
https://www.pewresearch.org/journalism/2020/09/28/many-americans-get-news-on-youtube-where-news-organizations-and-independent-producers-thrive-side-by-side/
https://www.pewresearch.org/journalism/2020/09/28/many-americans-get-news-on-youtube-where-news-organizations-and-independent-producers-thrive-side-by-side/
https://doi.org/10.1080/10410236.2011.569003
http://www.ncbi.nlm.nih.gov/pubmed/21809934
https://doi.org/10.1080/10410236.2018.1564955
https://doi.org/10.1080/10410236.2018.1564955
http://www.ncbi.nlm.nih.gov/pubmed/30648450
https://doi.org/10.1177/2056305116641342
https://doi.org/10.1177/1354856517750368
https://doi.org/10.1177/1354856517750368
https://doi.org/10.1177/20563051241242799
https://doi.org/10.1177/20563051241242799
https://doi.org/10.1002/poi3.202
https://doi.org/10.3389/fpsyg.2017.01356
http://www.ncbi.nlm.nih.gov/pubmed/28848472
https://doi.org/10.1002/eat.23463
https://doi.org/10.1002/eat.23463
http://www.ncbi.nlm.nih.gov/pubmed/33382136
https://doi.org/10.1177/00207640241280719
https://doi.org/10.1177/00207640241280719
http://www.ncbi.nlm.nih.gov/pubmed/39263991
https://doi.org/10.7759/cureus.57390
https://doi.org/10.7759/cureus.57390
http://www.ncbi.nlm.nih.gov/pubmed/38590976
https://doi.org/10.1186/s40337-021-00419-3
http://www.ncbi.nlm.nih.gov/pubmed/34088342
https://doi.org/10.1111/j.1460-2466.1993.tb01304.x
https://doi.org/10.1111/j.1460-2466.1993.tb01304.x
https://www.proquest.com/docview/1298110234?sourcetype=Scholarly%20Journals
https://www.proquest.com/docview/1298110234?sourcetype=Scholarly%20Journals
https://doi.org/10.1111/comt.12087
https://doi.org/10.1108/OIR-10-2020-0443
https://doi.org/10.1111/j.1460-2466.2011.01616.x
https://doi.org/10.1073/pnas.0808904106
http://www.ncbi.nlm.nih.gov/pubmed/19357301
https://www.jmir.org/2025/1/e77168


52. Hunter DR, Handcock MS, Butts CT, Goodreau SM, Morris M. ergm: a package to fit, simulate and diagnose
exponential-family models for networks. J Stat Softw. May 1, 2008;24(3):1-29. [doi: 10.18637/jss.v024.i03] [Medline:
19756229]

53. Laaksonen SM, Pantti M, Titley G. Broadcasting the movement and branding political microcelebrities: Finnish anti-
immigration video practices on YouTube. J Commun. May 12, 2020;70(2):171-194. [doi: 10.1093/joc/jqz051]

54. Ghahramani A, de Courten M, Prokofieva M. The potential of social media in health promotion beyond creating
awareness: an integrative review. BMC Public Health. Dec 21, 2022;22(1):2402. [doi: 10.1186/s12889-022-14885-0]
[Medline: 36544121]

55. Godwin HT, Khan M, Yellowlees P. The educational potential of YouTube. Acad Psychiatry. Dec 2017;41(6):823-827.
[doi: 10.1007/s40596-017-0809-y] [Medline: 28924869]

56. Kopf LM, Graetzer S, Huh J. Videos influence behavior change measures for voice and speech in individuals with
Parkinson’s disease. Proc Wirel Health. Oct 2015;2015:1-18. [doi: 10.1145/2811780.2811932] [Medline: 26949753]

57. Okpara CV, Anselm AU, Felix TO, Omowale A, Gever VC. The moderating role of colour in modelling the
effectiveness of COVID-19 YouTube animated cartoons on the health behaviour of social media users in Nigeria. Health
Promot Int. Dec 23, 2021;36(6):1599-1609. [doi: 10.1093/heapro/daab001] [Medline: 33729511]

58. O’Brien G, Ganjigunta R, Dhillon PS. Wellness influencer responses to COVID-19 vaccines on social media: a
longitudinal observational study. J Med Internet Res. Nov 27, 2024;26:e56651. [doi: 10.2196/56651] [Medline:
39602782]

Abbreviations
ERGM: exponential random graph model
KPSS: Kwiatkowski-Phillips-Schmidt-Shin
OR: odds ratio
pro-ana: pro-anorexia
RQ: research question
SNA: social network analysis

Edited by Amaryllis Mavragani; peer-reviewed by Atte Oksanen, Chun-Hsiang Chan, Ho Young Yoon; submitted
08.May.2025; accepted 16.Oct.2025; published 04.Nov.2025

Please cite as:
Oh D, Lee SH
Framing Pro-Anorexia Discourse on YouTube in South Korea: Social Network and Exponential Random Graph Model
Analysis of Video Communities
J Med Internet Res2025;27:e77168
URL: https://www.jmir.org/2025/1/e77168
doi: 10.2196/77168

© Daseul Oh, Shin Haeng Lee. Originally published in the Journal of Medical Internet Research (https://www.jmir.org),
04.Nov.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 the Journal of Medical Internet Research (ISSN 1438-8871), is properly cited. The
complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and
license information must be included.

JOURNAL OF MEDICAL INTERNET RESEARCH Oh & Lee

https://www.jmir.org/2025/1/e77168 J Med Internet Res2025 | vol. 27 | e77168 | p. 15
(page number not for citation purposes)

https://doi.org/10.18637/jss.v024.i03
http://www.ncbi.nlm.nih.gov/pubmed/19756229
https://doi.org/10.1093/joc/jqz051
https://doi.org/10.1186/s12889-022-14885-0
http://www.ncbi.nlm.nih.gov/pubmed/36544121
https://doi.org/10.1007/s40596-017-0809-y
http://www.ncbi.nlm.nih.gov/pubmed/28924869
https://doi.org/10.1145/2811780.2811932
http://www.ncbi.nlm.nih.gov/pubmed/26949753
https://doi.org/10.1093/heapro/daab001
http://www.ncbi.nlm.nih.gov/pubmed/33729511
https://doi.org/10.2196/56651
http://www.ncbi.nlm.nih.gov/pubmed/39602782
https://www.jmir.org/2025/1/e77168
https://doi.org/10.2196/77168
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2025/1/e77168

	Framing Pro-Anorexia Discourse on YouTube in South Korea: Social Network and Exponential Random Graph Model Analysis of Video Communities
	Introduction
	YouTube as a Participatory Platform for Health-Compromising Discourse
	Algorithmic Structuring and Fragmentation of Pro-Ana Communities
	Strategic Role of Recovery Frames and Meso-Level Channels
	Research Questions

	Methods
	Ethical Considerations
	Data Collection
	YouTube Channel Classification
	Frame Analysis for RQ1
	Social Network Analysis for RQ2
	ERGM Analysis

	Results
	Use of Frames by Channel Type
	Community Structure of the Pro-Ana Video Network
	ERGM Estimates

	Discussion
	Principal Findings
	Implications
	Limitations
	Conclusions



