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Abstract

Social media platforms have become critical
sources of patient-generated health data, yet
existing computational approaches fail to cap-
ture the interconnected nature of online health
discourse. We present a novel framework that
integrates graph-based community detection
with large language model analysis to under-
stand patient narratives in multimodal social
media content. Applied to 10,253 TikTok
posts about JAK inhibitors (2020-2024), our
approach constructs heterogeneous graphs rep-
resenting user-content-medical entity relation-
ships and applies community detection algo-
rithms enhanced with context-aware LLM in-
terpretation. Our comprehensive analysis of
10,253 posts (January 2020—September 2024)
reveals five distinct patient communities char-
acterized by different discourse patterns: treat-
ment success narratives (873 nodes), medica-
tion guidance (642 nodes), side effect discus-
sions (589 nodes), comparative treatment anal-
ysis (412 nodes), and dosage optimization (347
nodes). The Louvain algorithm significantly
outperformed Girvan-Newman in modularity
(0.9931 vs. 0.9928), conductance (0.0002 vs.
0.0006), and computational efficiency (0.14s
vs. 54.24s). Temporal analysis demonstrates
increasing community cohesion and evolving
discourse patterns from cautious inquiry (2020-
2021) to experience sharing and specialized
sub-communities (2023-2024). This work con-
tributes: (1) a scalable computational frame-
work for multimodal health content analysis,
(2) methodological innovations in graph-LLM
integration, and (3) insights into platform-
specific health communication patterns. The
framework has applications in pharmacovigi-
lance, computational social science, and Al-
assisted health monitoring systems.

1 Introduction

The digital transformation of healthcare commu-
nication has fundamentally altered how patients
share experiences with medications, particularly
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those with complex risk-benefit profiles such as
JAK (Janus kinase) inhibitors. These immunosup-
pressive medications, prescribed for conditions in-
cluding atopic dermatitis, rheumatoid arthritis, and
alopecia areata, have generated significant patient
discourse following clinical trials highlighting car-
diovascular and malignancy risks (25). This type
of clinical uncertainty has driven patients to social
platforms seeking peer experiences and practical
guidance beyond traditional medical channels.

While platforms like X (formerly Twitter) and
Reddit have been extensively studied for loca-
tion inference (32) and pharmacovigilance appli-
cations (23; 22), TikTok represents a largely un-
explored frontier in health informatics research.
TikTok’s unique characteristics—multimodal short-
form content, younger demographic profile, and
distinctive engagement patterns—present both
methodological challenges and rich opportunities
for understanding patient perspectives in ways that
text-only platforms cannot capture.

1.1 Research Gaps and Motivation

This study addresses three critical gaps in compu-
tational health communication research:
Platform-specific gap: Current health informat-
ics research predominantly focuses on text-based
platforms (Twitter, Reddit, health forums), leaving
TikTok’s multimodal, short-form content format
largely unexplored despite its growing influence in
health communication among younger demograph-
ics (aged 16-34).

Methodological gap: Existing approaches typi-
cally analyze social media posts as independent
units rather than interconnected components of dy-
namic discourse communities, missing crucial re-
lational and temporal patterns that shape patient
knowledge and support networks.

Integration gap: Limited research effectively com-
bines network analysis with advanced language
models for health content interpretation, particu-
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larly for multimodal content where text, audio, and
visual elements interact to convey complex medical
experiences.

1.2 Research Objectives and Contributions

Our research addresses these gaps through three
primary objectives:

1. Community Structure Analysis: Identify
and characterize patient discussion commu-
nities using graph-based detection methods
that capture relational patterns in TikTok JAK
inhibitor discourse.

2. Semantic Content Analysis: Analyze com-
munity themes, sentiment, and knowledge pat-
terns through context-aware large language
model analysis integrated with network struc-
ture information.

3. Temporal Pattern Extraction: Track the evo-
lution of patient narratives and community
structures over time, revealing how discourse
patterns change as medications gain wider us-
age and accumulate real-world evidence.

The contributions of this work include:

1. Novel Computational Framework: A
methodologically rigorous approach integrat-
ing heterogeneous graph modeling, com-
munity detection, and LLM-based analysis
specifically designed for multimodal health
content on short-form video platforms.

2. Empirical Insights into Patient Discourse:
Comprehensive characterization of patient
communities discussing JAK inhibitors on
TikTok, revealing distinct discourse patterns,
information needs, and support mechanisms
not previously documented in health informat-
ics literature.

3. Temporal Analysis of Health Communi-
cation: Longitudinal tracking of commu-
nity evolution from 2020-2024, demonstrating
how patient discourse matured from cautious
inquiry to sophisticated experience sharing
and specialized knowledge communities.

4. Methodological Validation: Rigorous com-
parative evaluation of community detection
algorithms for health content, establishing per-
formance benchmarks and providing guidance
for future research in computational health
communication.

2 Related Work

2.1 Social Media in Pharmacovigilance and
Health Communication

Social media platforms have emerged as valuable
sources of real-world evidence in pharmacovigi-
lance, complementing traditional adverse event re-
porting systems by capturing spontaneous patient
experiences (11; 18). Twitter-based studies have
demonstrated the feasibility of detecting adverse
drug reactions (ADRs) and monitoring treatment
outcomes (24; 7), while Reddit analysis has re-
vealed detailed patient narratives about medication
experiences (15; 19).

However, these platforms differ substantially
from TikTok in user demographics, content for-
mat, and engagement mechanisms. TikTok’s user
base skews significantly younger (16-34 age group
comprising 60% of users) and demonstrates dis-
tinct health communication patterns characterized
by visual storytelling, emotional expression, and
peer-to-peer advice sharing (1; 5). Recent studies
have begun exploring TikTok’s role in health in-
formation dissemination for topics including men-
tal health (26), nutrition (6), and COVID-19 (13),
but systematic analysis of medication discourse
remains limited.

2.2 Community Detection in Health-Related
Social Networks

Community detection algorithms provide a frame-
work for understanding how health information
clusters and propagates within social networks.
Modularity-based approaches, particularly the Lou-
vain algorithm (2), have been successfully ap-
plied to identify echo chambers in vaccine dis-
course (9), map support communities for chronic
diseases (29), and detect misinformation propaga-
tion patterns (21) (33).

The Girvan-Newman algorithm (8) offers an al-
ternative hierarchical approach that has proven ef-
fective for analyzing smaller networks with clear
community boundaries. However, its computa-
tional complexity (O(m?n)) makes it less suit-
able for large-scale social media analysis com-
pared to Louvain’s (2) more efficient approach
(O(nlogn)).

2.3 Large Language Models in Health
Content Analysis

The emergence of large language models has
transformed health content analysis capabilities,
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enabling sophisticated interpretation of medical
terminology, patient narratives, and clinical con-
cepts (12; 10). Recent studies have demonstrated
LLM effectiveness in identifying adverse drug re-
actions from social media (31), analyzing medical
misinformation (3) (34), and summarizing patient
experiences (14).

GPT-4 and similar models have shown particular
promise in health applications due to their ability to
process complex medical terminology while main-
taining contextual understanding (20). However,
challenges remain regarding medical accuracy, bias
mitigation, and appropriate use in clinical decision-
making contexts (27).

Graph-aware language models represent an
emerging paradigm that leverages network struc-
ture to enhance content understanding and gener-
ation (30). This approach is particularly relevant
for social media health content where individual
posts exist within broader community contexts that
influence interpretation and meaning.

3 Methodology

3.1 Data Collection and Preprocessing

We collected TikTok data using the TikTok Re-
search API, which provides access to public con-
tent while adhering to platform terms of service
and privacy guidelines. Our search strategy em-
ployed a comprehensive keyword list developed in
consultation with clinical pharmacologists:
Primary Keywords: Baricitinib, Upadacitinib,
Abrocitinib, Tofacitinib, Ruxolitinib, Fedratinib,
Filgotinib, Peficitinib, Rinvoq, Cibinqo, Olumiant,
Xeljanz, Jakafi, Inrebic, Jyseleca
Secondary Keywords: JAK inhibitor, JAK
blocker, Janus kinase, JAK for eczema, JAK for
arthritis, JAK for alopecia

The final dataset comprised 10,253 TikTok
videos posted between January 2020 and Septem-
ber 2024. Video metadata included creator in-
formation (anonymized), posting timestamps, en-
gagement metrics (views, likes, shares, comments),
video duration, and content descriptions.

3.1.1 Multimodal Content Processing

Video content was processed through three parallel
channels:

Audio Processing: Videos were transcribed us-
ing Azure Speech-to-Text API with the healthcare-
optimized acoustic model. The service was con-
figured with medical vocabulary enhancement and

speaker diarization to improve accuracy for medi-
cal terminology.

Text Processing: Video descriptions, captions,
hashtags, and overlay text were extracted and nor-
malized. Emoji sequences were preserved and
mapped to sentiment indicators based on estab-
lished emoji sentiment lexicons.

Visual Processing: Key frames were extracted at
1-second intervals and processed using Google Vi-
sion API for Optical Character Recognition (OCR).
Particular attention was paid to extracting medi-
cation labels, dosage information, and before-and-
after comparison images.

3.1.2 Quality Control and Validation

Non-English content (31.7% of collected videos)
was identified using fastText language detection
and translated using Google Neural Machine Trans-
lation API with medical domain adaptation. To
ensure data quality, we implemented a multi-stage
validation process:

Transcription Quality: A random sample of 200
video transcripts was manually reviewed by two
independent annotators, yielding a Word Error Rate
of 12.8% (95% CI: 10.3-15.4%), within acceptable
ranges for conversational health content (16).
Medical Entity Recognition: A clinical pharma-
cologist reviewed drug name recognition accuracy
on 150 randomly selected videos, achieving 94.6%
accuracy for JAK inhibitor identification and 89.2%
accuracy for related medication mentions.
Relevance Classification: We trained a relevance
classifier on a manually labeled subset of 500
videos (Cohen’s k = 0.83 inter-annotator agree-
ment) to filter out unrelated content. The final
classification achieved 91.8% precision and 88.4%
recall on a held-out test set of 200 videos.

3.2 Graph Construction and Modeling

We constructed a heterogeneous multimodal graph
representation G = (V, E, T') where V represents
the node set, F the edge set, and 7 the type func-
tion mapping nodes and edges to their respective

types.

3.2.1 Node Types and Attributes

User Nodes (U): Content creators identified by
anonymized IDs, with attributes including account
creation date, follower count (when available), con-
tent creation frequency, and engagement patterns.

Video Nodes (V): Individual TikTok posts with
attributes including posting timestamp, duration,
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engagement metrics, semantic embeddings (using
sentence-transformers model), sentiment scores,
and multimodal content features.

Medical Entity Nodes ()/): Three subtypes ex-
tracted using biomedical NER: drug nodes (spe-
cific JAK inhibitors and related medications), con-
dition nodes (medical conditions and symptoms
mentioned), and treatment nodes (therapeutic pro-
cedures and interventions).

3.2.2 Edge Types and Relationships

Edge types included authorship (user—video),
medical mentions (video—entity), TikTok inter-
actions (video— video for duets/stitches), and
semantic similarity (video<—video with similar-
ity above threshold 7 = 0.7, weighted by cosine
similarity of content embeddings).

To enable temporal analysis, we constructed a
sequence of graphs {G1, Ga, ..., G} representing
quarterly intervals from Q1 2020 through Q3 2024.

3.3 Community Detection Algorithms

We implemented and compared two community
detection approaches:

3.3.1 Louvain Modularity Optimization

The Louvain algorithm identifies communities by
iteratively optimizing modularity(2), we imple-
mented the algorithm with resolution parameter
~v = 1.0 (optimized through grid search from 0.5 to
2.0), weight attribute combining mention frequency
and engagement metrics, random seed 42 for repro-
ducibility, and convergence threshold 1076,

3.3.2 Girvan-Newman Algorithm

The Girvan-Newman algorithm employs a divisive
hierarchical approach: calculate edge betweenness
centrality for all edges, remove the edge with high-
est betweenness centrality, recalculate betweenness
for remaining edges, and repeat until desired com-
munity structure emerges.

To manage computational complexity for large
networks, we implemented sampling-based be-
tweenness approximation (sampling 10% of node
pairs), early stopping when modularity stabilizes,
and parallel computation of betweenness centrality.

Both algorithms were evaluated using modular-
ity (Q), conductance (¢), runtime efficiency, and
clinical relevance scores from expert evaluation by
two clinical pharmacologists.

3.4 LLM-Based Community Analysis

We developed a comprehensive framework for com-
munity characterization using GPT-4 (gpt-4-0125-
preview) integrated with graph structure informa-
tion.

3.4.1 Multi-Perspective Prompting
Framework

To mitigate potential biases and ensure comprehen-
sive analysis, we implemented a Multi-Perspective
Prompting approach where each community was
analyzed through three distinct lenses: clinical per-
spective (focusing on medical conditions, treat-
ments, outcomes), patient experience perspective
(emphasizing emotional journey, quality of life
impacts, decision-making factors), and communi-
cation pattern perspective (analyzing information
sharing patterns, content types, multimodal ele-
ments).

3.4.2 GraphRAG Integration

We developed a novel Graph-enhanced Retrieval-
Augmented Generation (GraphRAG) approach that
incorporates community structure information into
LLM analysis through structure-aware sampling
based on node centrality measures and temporal
recency, context enhancement including commu-
nity metadata in prompts, and cross-community
analysis using consistent evaluation criteria.

To address potential LLM biases, we imple-
mented prompt diversification with three different
formulations for each perspective, expert validation
by clinical pharmacologists reviewing 20% of com-
munity analyses (achieving inter-rater agreement
of k = 0.78), and consistency checking with con-
flicting interpretations flagged for expert review.

3.5 Temporal Community Evolution Analysis

We implemented a comprehensive temporal track-
ing framework using community persistence track-
ing across quarterly time slices using Jaccard simi-
larity of node memberships:

_einel
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Jaccard(c;, ¢j) = o U]

Communities with Jaccard similarity > 0.5 were
considered persistent. We also tracked semantic
evolution within persistent communities by com-
puting semantic embeddings for community con-
tent at each time point and measuring cosine simi-
larity between temporal embeddings.
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Table 1: Quantitative performance comparison of community detection methods

Metric Louvain Girvan-Newman p-value
Communities 285 287 0.891
Modularity (Q) 0.9931 0.9928 0.724
Avg. Conductance 0.0002 0.0006 < 0.001***
Runtime (sec) 0.14 5424 < 0.001"**
Memory (GB) 2.3 8.7 < 0.001™**
Stability (CV) 0.087 0.134 < 0.01™

4 Results

4.1 Community Detection Performance
Comparison

Our analysis of the TikTok JAK inhibitor discourse
network yielded significant insights into algorithm
performance and community structure characteris-
tics.

Table 1 presents comprehensive performance
comparison between the Louvain and Girvan-
Newman algorithms:

While both algorithms achieved similar modu-
larity scores, the Louvain algorithm demonstrated
significantly superior performance in conductance
(indicating better community separation), computa-
tional efficiency, and stability across bootstrap sam-
ples. The dramatic runtime difference (388x faster)
makes Louvain particularly suitable for large-scale
social media analysis and real-time applications.

The community size distribution followed a
power-law pattern typical of social networks, with
the largest community containing 873 nodes and
a long tail of smaller communities. The top 20
communities accounted for 67.3% of all nodes, in-
dicating strong concentration of discourse activity
within major themes.

4.2 Community Characterization and
Discourse Themes

Through our Multi-Perspective Prompting frame-
work, we identified five major discourse commu-
nities with distinct characteristics and functions
within the TikTok JAK inhibitor ecosystem.

Table 2 presents the LLM-generated labels and
thematic summaries for the top five Louvain com-
munities.

Community 0: Skin Treatment Success Narra-
tives (873 nodes)

This largest community centered on transfor-
mative positive experiences with JAK inhibitors
for dermatological conditions. Clinical character-
istics included primary conditions of atopic der-
matitis (67%), eczema (23%), psoriasis (8%), with

Table 2: Top five community profiles with LLM-
generated characterizations

ID Label Size
0 Skin Treatment Success 873
217 Medication Guidance 642
115 Side Effect Discussions 589
69  Comparative Treatment 412
16  Dosage Optimization 347

reported time to improvement median 4-6 weeks
and treatment satisfaction of 89% reporting sig-
nificant improvement. Content patterns showed
before/after visual comparisons in 87% of posts,
emotional narratives emphasizing life quality im-
provements, high positive sentiment (mean = 0.74,
SD = 0.18), and average video length of 45.3 sec-
onds. Communication style was predominantly
visual-dominant content (43% of posts), personal
storytelling format (72% narrative vs. 28% in-
formational), and high engagement rates (median
15.7K views, 2.3K likes).

Community 217: Medication Guidance and
Practical Advice (642 nodes)

This community functioned as a peer-to-peer
knowledge sharing network focused on practical
medication management with mixed condition fo-
cus including alopecia areata (45%), rheumatoid
arthritis (32%), eczema (18%), emphasis on dos-
ing modifications and timing strategies, and insur-
ance and cost management discussions (present in
34% of posts). Content patterns were information-
sharing dominant (68% informational vs. 32% nar-
rative), lower emotional valence (mean = 0.21, SD
=0.31), longer video format (mean = 67.4 seconds,
SD = 31.2), and frequent use of text overlays and
graphics (56% of posts).

Community 115: Side Effect Discussions and
Risk Communication (589 nodes)

This community provided detailed documenta-
tion and discussion of adverse effects with com-
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prehensive side effect cataloging by frequency
and severity, common reported effects including
headaches (34%), nausea (28%), infections (19%),
serious adverse events including cardiovascular
concerns (8%) and malignancy fears (5%), and risk-
benefit assessment narratives in 67% of posts. Con-
tent patterns showed neutral to negative sentiment
(mean = -0.12, SD = 0.34), high information den-
sity with medical terminology, temporal progres-
sion tracking of side effects, and support-seeking
behavior with question-asking format prevalent
(43% of posts).

Clinical pharmacologist review yielded strong
validation with 94% of communities accurately
reflecting clinical reality, mean clinical relevance
score of 4.3/5.0 (SD = 0.6), 89% inter-expert agree-
ment on community themes, and experts identify-
ing 3 previously undocumented patterns in patient
JAK inhibitor discourse.

4.3 Temporal Evolution of Patient
Communities

Our longitudinal analysis revealed significant evo-
Iution in JAK inhibitor discourse patterns from
2020-2024, reflecting changing clinical knowledge,
patient experiences, and community maturation.

4.3.1 Community Formation Phases

Phase 1: Exploratory Discourse (2020-2021) was
characterized by fragmented, cautious discussions
with many small, disconnected communities, pri-
mary concerns about safety questions and treat-
ment availability, low modularity (Q = 0.82) and
high conductance ( = 0.24), and content focus on
question-asking (67% of posts) and uncertainty ex-
pression.

Phase 2: Experience Consolidation (2022-2023)
showed consolidation around specific use cases
with increased information sharing, major commu-
nities increased 3.2x in size, improved modularity
(Q=0.91) and reduced conductance ( = 0.18), and
content evolution with shift toward experience shar-
ing (52% of posts) and outcome reporting.

Phase 3: Specialized Knowledge Networks
(2023-2024) demonstrated emergence of special-
ized sub-communities focused on specific treat-
ment aspects including dosing optimization, side
effect management, and insurance navigation, high
modularity (Q = 0.99) and excellent separation (
= (0.08), and content sophistication with detailed
treatment protocols, long-term outcome reporting,
and peer mentoring.

Semantic analysis revealed systematic shifts in
discourse characteristics with temporal sentiment
progression from predominantly negative/neutral
(mean = -0.18) in 2020 to increasingly positive
(mean = 0.31) in 2022 to balanced with positive
success stories (mean = 0.45) in 2024. Content
complexity evolution showed medical terminology
usage increased 340% from 2020 to 2024, average
post length increased from 23.4 to 58.7 seconds,
and visual demonstration content grew from 15%
to 43% of posts. Information quality indicators
improved with citations of medical literature from
2% (2020) to 18% (2024), specific dosing informa-
tion from 12% (2020) to 67% (2024), and temporal
outcome tracking from 8% (2020) to 45% (2024).

4.4 Multimodal Communication Pattern
Analysis

Analysis of TikTok’s multimodal content revealed
distinct patterns in how patients communicate com-
plex medical experiences through combined visual,
audio, and textual elements.

Content modality distribution included visual-
dominant content (43% of posts) with before/after
treatment comparisons, medication demonstration
videos, side effect documentation through visual
evidence, and quality of life improvement demon-
strations. Narrative-dominant content (37% of
posts) featured personal treatment journey sto-
rytelling, emotional expression and community
support seeking, decision-making process doc-
umentation, and long-term outcome reporting.
Information-dominant content (22% of posts) in-
cluded educational content with text overlays and
graphics, mechanism of action explanations, dos-
ing and administration guides, and side effect
awareness content. Hybrid multimodal content
(28% of posts) showed integration of multiple
modes for comprehensive communication, emo-
tional narratives combined with visual evidence,
educational content enhanced with personal experi-
ence, and medical terminology explanations with
visual demonstrations.

TikTok’s unique format enabled communication
patterns not observed on text-based platforms in-
cluding temporal storytelling with short video for-
mat encouraging episodic treatment journey docu-
mentation, visual evidence integration with direct
visual documentation of treatment effects particu-
larly valuable for dermatological conditions, emo-
tional expression enhancement through combina-
tion of facial expressions, voice tone, and musical
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backgrounds, and peer validation mechanisms with
comment sections and response videos creating
immediate feedback loops.

5 Discussion

5.1 Implications for Pharmacovigilance and
Patient Safety

Our findings demonstrate significant potential for
TikTok-based community analysis to enhance tradi-
tional pharmacovigilance systems. Side effect dis-
cussions in Community 115 frequently contained
reports of adverse events 2-8 weeks before publi-
cation in peer-reviewed literature, with cardiovas-
cular concerns appearing on TikTok an average of
6.3 weeks before formal case reports. Commu-
nity documentation of upper respiratory infections
showed seasonal clustering patterns not captured in
traditional reporting, and detailed patient-reported
outcome measures provided granular insights into
functional improvements not typically captured in
clinical trials.

Our analysis revealed patterns of patient-driven
treatment optimization that may inform clinical
practice guidelines. Community 16 documented
patient-initiated dosing modifications, with 34%
of posts describing successful timing adjustments
that improved tolerability while maintaining ef-
ficacy. Cross-community analysis identified fre-
quently discussed adjunct treatments, including
topical therapies (23% of posts), dietary modifi-
cations (18%), and lifestyle interventions (31%)
that patients found beneficial. Temporal tracking
revealed that patient-reported sustained remission
rates (78% at 12 months) closely aligned with pub-
lished clinical trial data, validating social media
discourse as a reliable source of real-world evi-
dence.

5.2 Methodological Contributions to
Computational Health Informatics

Our integrated approach to analyzing text, audio,
and visual content represents a significant method-
ological advancement. We demonstrated that com-
bining transcription, OCR, and visual analysis im-
proved medical entity recognition accuracy by 23%
compared to text-only approaches, with particular
benefits for medication identification and dosing
information extraction. Our framework success-
fully tracked how patients used different modalities
over time, revealing that visual content increased
in medical sophistication as communities matured.
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The novel GraphRAG approach developed for
this study provides a reusable framework for com-
bining network analysis with large language model
capabilities. Incorporating community structure in-
formation into LLM prompts improved thematic co-
herence by 31% and reduced hallucination rates by
18% compared to standard prompting approaches.
The MPP framework demonstrated robust bias mit-
igation, with consistency scores of 0.82 across dif-
ferent prompt perspectives.

5.3 TikTok as a Health Communication
Platform

Our analysis revealed several unique affordances of
TikTok for health communication. The platform’s
video format enabled rich documentation of treat-
ment effects, particularly valuable for visible con-
ditions where improvement can be directly demon-
strated. Combination of visual, audio, and textual
elements enabled nuanced emotional communica-
tion about health experiences, with 89% of posts in
support-oriented communities containing multiple
emotional expression modalities. Patients effec-
tively translated complex medical information into
accessible formats, with educational posts achiev-
ing high engagement (median 23.4K views) and
positive community feedback.

Different communities served distinct functions:
Communities like 217 (Medication Guidance) func-
tioned as peer-to-peer knowledge networks, suc-
cess narrative communities (Community 0) served
crucial psychological support functions, side ef-
fect communities (Community 115) created spaces
for honest discussion of treatment challenges, and
specialized communities enabled crowdsourced
problem-solving for treatment challenges.

6 Conclusion

This study demonstrates the effectiveness of in-
tegrating graph-based community detection with
large language model analysis to understand patient
experiences with JAK inhibitors on TikTok. Our
comprehensive analysis of 10,253 posts revealed
five distinct patient communities with unique dis-
course patterns, information needs, and support
functions.

The Louvain algorithm significantly outper-
formed Girvan-Newman across multiple metrics,
providing a robust foundation for large-scale so-
cial media health content analysis. Our novel
GraphRAG approach successfully integrated net-



work structure with contextual language model
analysis, improving both analytical accuracy and
clinical relevance.

Longitudinal analysis revealed systematic evolu-
tion from cautious inquiry to sophisticated experi-
ence sharing and specialized knowledge networks,
reflecting both community maturation and accu-
mulating real-world evidence about JAK inhibitor
experiences. TikTok’s unique format enabled rich
patient narratives combining visual evidence, emo-
tional expression, and factual information in ways
not possible on text-only platforms.

For pharmacovigilance, social media monitoring
provides opportunities for early safety signal detec-
tion, real-world evidence generation, and enhanced
understanding of patient-reported outcomes. For
clinical practice, patient discourse analysis reveals
treatment optimization strategies, quality of life
impacts, and patient concerns not typically cap-
tured in clinical encounters. The methodological
framework developed provides a scalable approach
for analyzing health discourse across social me-
dia platforms, with applications extending beyond
JAK inhibitors to other therapeutic areas and health
conditions.

This research establishes a foundation for con-
tinued investigation into social media health com-
munication, with priority areas including cross-
platform comparative analysis, predictive modeling
of community evolution and safety signals, clinical
integration studies, and development of real-time
monitoring systems for pharmacovigilance applica-
tions.

Future research opportunities include cross-
platform integration for comprehensive understand-
ing of platform affordances, predictive modeling
to predict community evolution and safety signal
emergence, intervention studies testing platform-
based interventions, clinical integration examin-
ing how clinicians can incorporate social media
insights, privacy-preserving methods using differ-
ential privacy approaches, and real-time monitoring
systems for continuous pharmacovigilance.

7 Limitations

This study faces several limitations that affect the
generalizability and depth of its findings. First, our
dataset relies on keyword-based filtering to identify
content relevant to JAK inhibitors. This approach
may miss videos that use colloquial terms, mis-
spellings, or visual-only references to medications,

potentially leading to incomplete coverage of rele-
vant discussions.

Second, the transcription of video content intro-
duces potential errors, particularly for videos with
poor audio quality, strong accents, or background
noise. While our validation process showed ac-
ceptable error rates overall, some nuanced content
may be lost or misinterpreted in this process. This
limitation is particularly relevant for technical med-
ical terminology, which automated transcription
systems often struggle with.

Third, the demographic composition of TikTok
users differs from the general population of pa-
tients taking JAK inhibitors. The platform skews
younger and may over-represent certain demo-
graphic groups, potentially missing important per-
spectives from older patients or those less active on
social media.

Fourth, our LLM-based analysis, while validated
through expert review, is subject to the limitations
and potential biases inherent in large language mod-
els. Despite our mitigation strategies, these models
may sometimes misinterpret medical context or fail
to capture cultural nuances in health communica-
tions.

Finally, graph-based community detection algo-
rithms, while powerful, may produce overlapping
or fragmented communities that don’t perfectly
align with how patients themselves would define
their social groups. The technical metrics we use
to evaluate these algorithms (modularity, conduc-
tance) may not fully capture the human and clinical
relevance of the detected communities.

8 [Ethical Considerations

This study was approved by the university research
ethics board. All data collection and analysis fol-
lowed platform terms of service. To protect user
privacy, we anonymized all identifiers and did not
include verbatim quotes that could identify individ-
uals. Special care was taken with sensitive health
information, with all researchers completing train-
ing in ethical handling of health data.

The use of LLMs for health content analysis
raises additional ethical considerations. We imple-
mented guardrails to prevent potential biases, par-
ticularly regarding medical conditions and demo-
graphic factors. Our multi-perspective prompting
approach was designed to mitigate system biases
in content interpretation. All generated labels and
summaries underwent expert review to ensure clin-
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ical accuracy and ethical representation of patient
experiences.

We acknowledge the ethical complexity of ana-
lyzing social media health content without direct
informed consent. While users post publicly, they
may not anticipate research use of their content.
We balanced this concern against the potential ben-
efit of better understanding patient experiences
with medications that carry significant risks. This
research is intended to amplify patient voices in
healthcare conversations rather than to surveil or
commodify their experiences.
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