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Abstract

The fragmentation of youth wellness discourse across diverse
social media platforms poses significant challenges for pub-
lic health monitoring. While distinct communities exist on
Reddit, TikTok, and YouTube, the structural and semantic
bridges that facilitate the flow of harmful content remain un-
derstudied. In this work, we present a cross-platform anal-
ysis of youth wellness ecosystems using a Social-Semantic
Knowledge Graph (SSKG) approach. By integrating data
from 10,396 users across three platforms on multimodal
data, we map the interplay between social interactions and
semantic entities. Our analysis reveals that approximately
17.2% of active users (post count>5) engage in “high-risk”
behaviors within echo chambers characterized by high co-
hesion (>0.65) and semantic isolation. Crucially, we iden-
tify “bridge nodes” that serve as transit points connecting
healthy fitness communities to harmful subgroups. To sup-
port scalable and interpretable interventions, we implement a
LightRAG-augmented retrieval system that mitigates the hal-
lucinations of standard LLMs, allowing researchers to trace
these risks back to specific evidence. This work contributes
both a rigorous methodological pipeline and critical empirical
insights into the cross-platform nature of online vulnerability.

1 Introduction

In recent years, concerns about the mental health impacts of
social media on youth have intensified, creating a pressing
public health challenge. According to a 2025 Pew Research
Survey, 48% of teens report that social media has a mostly
negative effect on people their age (Faverio, Anderson, and
Park 2025). Similarly, a global meta-analysis of 29 countries
encompassing 80,879 youth found clinically elevated depres-
sion symptoms in 25.2% and anxiety symptoms in 20.5% of
participants (Racine et al. 2021). As social media becomes
both a site of emotional expression and a vector for vulnera-
bility, young people frequently encounter algorithmically am-
plified harmful or misleading content. Consequently, there
is an urgent need for scalable, ethically grounded analytic
frameworks capable of supporting early detection, interven-
tion, and policy insight.

To address this, the field of Natural Language Processing
(NLP) has developed diverse methodologies to examine on-
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line interactions. Current research spans classifying mental
health disorders (Shetty et al. 2025; Chiong et al. 2021; Ga-
mon et al. 2013; Flocco et al. 2021), modeling temporal
shifts of emotion (Park and Conway 2017), and identify-
ing harmful content (del Arco et al. 2022; Fortuna, Soler-
Company, and Wanner 2021; Bozhidarova et al. 2023; Ha-
jaliloo et al. 2025). These efforts often rely on established
tools such as BERTopic (Grootendorst 2022) to cluster posts
based on semantic similarity and VADER (Hutto and Gilbert
2014) to distinguish community sentiment scores. However,
while topic modeling (Rohani, Shayaa, and Babanejaddehaki
2016; Adams et al. 2022) and sentiment analysis (Neri et al.
2012) provide valuable snapshots, they often lack the struc-
tural depth required to map complex community dynamics.
Although Knowledge Graph (KG) and Retrieval-Augmented
Generation (RAG) approaches are emerging in broader con-
texts (Nguyen, La, and Le 2025; Cao, Zhang, and Feng 2022;
Leng et al. 2024), their combined application for analyzing
youth well-being remains unexplored. Specifically, the in-
tegration of hybrid frameworks like LightRAG (Guo et al.
2025), which combines graph reasoning with document re-
trieval, offers a unique opportunity to capture depth that tra-
ditional LLM calls miss.

Our work bridges this gap by introducing a responsible
Knowledge Graph and LLM-based RAG framework designed
to analyze youth wellness discourse across multiple social
platforms. By integrating responsible NLP pipelines with
structured semantic graphs, we move beyond isolated clas-
sification tasks to a holistic view of online risk. This frame-
work leverages LightRAG to enable cross-platform con-
text retrieval, promoting analytical transparency and sus-
tainability in large-scale social data research. Ultimately,
this enhanced approach allows domain experts to trace
wellness-related concepts, sentiment trajectories, and inter-
platform discourse patterns, ensuring privacy-preserving, in-
terpretable, and replicable insights for social good.

2 Related Work

Our work situates itself at the intersection of computational
mental health, responsible generative Al, and sustainable web
systems. We review recent advancements in these domains to
highlight the specific gaps our framework addresses.



2.1 Automated Mental Health Detection on
the Web

Early approaches to mental health monitoring relied heavily
on feature engineering and lexicon-based methods to iden-
tify distress markers in text (Yates, Cohan, and Goharian
2017). The advent of pre-trained language models shifted
this paradigm, with domain-specific models like Mental-
BERT (Ji et al. 2022) setting the current state-of-the-art by
fine-tuning transformer architectures on large-scale Reddit
datasets. While effective at sentence-level classification, these
“black box” models suffer from two critical limitations:

e Lack of Social Context: They treat posts as isolated
text fragments, ignoring the homophily and “echo cham-
ber” dynamics that are predictive of risk behavior. Re-
cent work using Graph Neural Networks (GNNs), such as
TextGCN (Yao, Mao, and Luo 2019) and Bi-GCN cite-
bian2020rumor, has begun to address this by modeling
user interactions. However, these approaches often sacri-
fice the rich semantic interpretability of LLMs for struc-
tural signaling, making them difficult to audit for fairness.

« Static Knowledge: Fine-tuned models encapsulate a static
snapshot of wellness discourse. Given the rapid evolution
of “algospeak™ (e.g., #edtwt) on platforms like TikTok, a
fine-tuned model becomes obsolete within months, neces-
sitating energy-intensive retraining cycles.

2.2 Retrieval-Augmented Generation (RAG)
for Social Sensing

To mitigate the hallucination risks of standard LLMs,
Retrieval-Augmented Generation (RAG) has emerged as a
safety-critical alternative. However, standard RAG imple-
mentations, which retrieve top-k document chunks based
on vector similarity, often fail to capture global community
structures. For instance, a query about “diet trends” might re-
trieve isolated posts but miss the structural reality that these
posts originate from a pro-anorexia cluster.

LightRAG (Guo et al. 2024) represents the next evolution,
using knowledge graphs to index data. Our work is among
the first to apply LightRAG specifically to the domain of vul-
nerable population analysis. Unlike generic graph-based re-
trieval, LightRAG’s dual-level retrieval (combining low-level
entity details with high-level community summaries) allows
our system to answer complex queries about community dy-
namics without hallucinating non-existent relationships.

2.3 Bridging the Gap: The Social-Semantic
Knowledge Graph

Current literature typically bifurcates into social network
analysis (who talks to whom) and semantic analysis (what
they talk about). Works that attempt to fuse them often do
so at high computational costs or with opaque deep learning
embeddings (Wang et al. 2022).

Our enhanced KG bridges this gap by explicitly model-
ing User, Content, and Concept nodes in a unified,
queryable structure. This allows for identifying vulnerabil-
ity not just by keywords, but by a user’s topological position
within a harmful community structure. Unlike purely neu-
ral approaches, our KG edges are semantically labeled (e.g.,
AUTHORED, DISCUSSES), enabling the LightRAG system
to generate human-readable explanations for why a specific
community is flagged as high-risk.

3 Preliminary

3.1 Named Entity Recognition (NER)
Pipeline

To align with our goal of accessible and energy-aware so-
cial sensing, we utilized the pre-trained “Ihor/gliner-biomed-
base-v1.0” model. Rather than employing computationally
expensive fine-tuning, which requires significant carbon ex-
penditure and regular retraining to keep pace with evolv-
ing social media slang, we implemented an inference-time
threshold optimization strategy. This inference-time tuning
represents a paradigm shift in responsible NER deployment,
reducing computational costs from 47.3 hours to 1.2 hours
while maintaining interpretability.

We systematically evaluated confidence thresholds to balance
precision and recall, identifying 0.5 as the optimal thresh-
old for the specific vocabulary of youth wellness. To en-
sure data integrity, we subjected this approach to a rigorous
multi-stage validation process. A 5-fold cross-validation on
901 manually annotated entities yielded a robust F1 score of
0.612, while inter-rater reliability analysis demonstrated sub-
stantial agreement among human annotators (Cohen’s kappa
= 0.72). While domain-specific fine-tuning offers higher the-
oretical performance, our validated threshold-tuned approach
provides a critical advantage: it requires zero training com-
pute, enables immediate deployment by resource-constrained
organizations, and maintains sufficient fidelity to construct
robust social-semantic graphs.

3.2 Sentiment Topology

To map the emotional structure of the network, we employed
VADER (Hutto and Gilbert 2014). We acknowledge that
lexicon-based tools have limitations regarding the evolving
“algospeak” of Gen-Z users. However, we utilize VADER
strictly for topological analysis—assigning high-level po-
larity scores to edges to identify macro-level echo cham-
bers—rather than for nuanced psychological profiling. To
mitigate cross-platform linguistic variance (e.g., the high
positive baseline on YouTube vs. Reddit), we implemented
platform-specific Z-score normalization on the VADER com-
pound scores. This calibration ensures that “high-risk” senti-
ment filters (Z <  0.2) are robust against platform-specific
biases. For nuanced interpretation of specific slang (e.g., “un-
alive”), we rely on the context-aware retrieval capabilities of
our LightRAG system described in Section 4.4.

3.3 Topic Modeling Infrastructure

Using BERTopic with “all-MiniLM-L6-v2” sentence embed-
dings, we identified thematic clusters:

* UMAP dimensionality reduction: 5 components with 15
neighbors for semantic space visualization

* HDBSCAN clustering: Minimum cluster size of 10 for
density-based topic identification

¢ ¢-TF-IDF ranking: Generated interpretable topic labels
from top terms

3.4 Community Detection Methodology

Louvain Algorithm Implementation We employed
the Louvain method for community detection due to its effi-
ciency with large SSKGs and ability to optimize modularity:
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where A;; is the adjacency matrix, k; is the degree of node 7,
m is the total number of edges, and §(c;, ¢;) equals 1 if nodes
7 and j are in the same community.

4 Approach

In this section, we explain the proposed architecture that
operates as a cohesive four-stage pipeline (as illustrated in
Figure 1): (1) ingesting multi-modal data from Reddit, Tik-
Tok, and YouTube; (2) applying energy-aware, threshold-
optimized NER; (3) constructing a unified Social-Semantic
Knowledge Graph (SSKG); and (4) executing dual-path re-
trieval via LightRAG (Guo et al. 2025). This design en-
ables the system to query contextually related discussions
beyond local subgraphs, achieving deep semantic coherence
and interpretability without the computational overhead of
full model fine-tuning.

4.1 NER Model Architecture

Entity Extraction Pipeline Our extraction pipeline pro-
cesses text at the sentence level to maintain contextual in-
tegrity:

1. Sentence Segmentation: Split documents into individual
sentences using NLTK’s punkt tokenizer (average 15.3
words per sentence)

2. Entity Detection: Apply NER model with optimized
threshold (0.5) to each sentence

3. Entity Normalization: Lowercase and lemmatize entities
to standardize representations across platforms

4. Confidence Filtering: Retain only entities with confi-
dence scores above threshold

5. Frequency Calculation: Track entity occurrences across
the corpus for importance weighting

User Linkage and Network Construction Our deter-
ministic linkage strategy is outlined as follow:

1. Parse platform-specific CSVs to build text-to-author
lookup dictionaries

2. Normalize text content (lowercasing, whitespace strip-
ping)

3. Map entities to platform-prefixed user nodes (e.g., red-
dit_user_xyz)

4. Resolve Reddit reply networks by handling prefix mis-
matches and whitespace issues

4.2 Social-Semantic Knowledge Graph
(SSKG) Architecture

Graph Structure Definition Our heterogeneous graph
captures both social dynamics and semantic relationships
through carefully designed node and edge types:

Node Types:

* Entity Nodes: Represent concepts extracted by NER. At-
tributes include:
— label: The entity type from NER schema
- frequency: Number of occurrences across all docu-
ments
- platform distribution: Dictionary tracking
mentions per platform

- First_seen: Timestamp of earliest occurrence
* User Nodes: Represent content creators across platforms.
Attributes include:

platform: Source platform (reddit/tiktok/youtube)
— post_count: Number of posts/videos created
avg._sentiment: Mean VADER compound score
across all posts
active_period: Time span between first and last post

Edge Types:

1. AUTHORED (User ! Entity): Links users to entities
they discuss. Attributes:

» sentiment: VADER compound score for the specific
mention

» frequency: Number of times user mentioned entity

» context_window: Surrounding text (+10 words)

2. CO_OCCURRED_WITH (Entity $ Entity): Captures
semantic relationships between entities appearing in the
same context. Attributes:

» weight: Normalized PMI (Pointwise Mutual Informa-
tion) score

* co.occurrence_count: Raw frequency of co-
occurrence

* avg_distance: Mean word distance when co-
occurring

3. REPLIED_TO (User ¥ User): Models social network
dynamics. Attributes:

» sentiment_delta: Change in sentiment between
posts

« timestamp: Time of interaction

» subreddit: Community context

To illustrate the analytical power of this schema, Figure 2
depicts a representative subgraph instance. This visualiza-
tion highlights the SSKG’s unique ability to identify “Bridge
Nodes”—neutral entities (e.g., “Fasting”) that simultane-
ously anchor high-risk anxiety clusters and mainstream fit-
ness discussions. By explicitly modeling the divergent senti-
ment scores on AUTHORED edges and the semantic strength
of CO_OCCURRED edges, our structure moves beyond simple
keyword matching to reveal the topological pathways where
healthy interest transitions into pathological fixation. Having
defined these structural primitives, we now detail the scalable
pipeline used to instantiate the graph from raw multi-platform
data.

4.3 Graph Construction Pipeline

Our five-phase construction pipeline ensures reproducibility
and scalability:

Phase 1: Entity Extraction

* Process all documents through NER pipeline
* Generate entity-document mapping with position indices
* Calculate entity frequencies and platform distributions

Phase 2: User Linkage

* Map extracted entities to their authoring users
* Resolve platform-specific user identifiers
* Handle edge cases (deleted users, missing metadata)

Phase 3: Co-occurrence Analysis

¢ Define co-occurrence window (same sentence)

* Calculate PMI scores: PM I(e1, e2) = log %

* Normalize PMI values to [0, 1] range for edge weights
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Figure 1: High-Level Architecture of the Responsible Social Sensing Framework. The pipeline ingests multi-modal data, pro-

cesses it via energy-aware NLP modules (Threshold-Tuned NER, VADER), and constructs a Social-Semantic Knowledge Graph

(SSKGQ). Finally, LightRAG performs dual-path retrieval to generate grounded, traceable risk insights.
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Figure 2: An Example Subgraph from the SSKG. This in-
stance diagram illustrates the role of “Bridge Nodes” in
the network. The entity “Fasting” (Center) acts as a seman-
tic connector. It co-occurs with “Anxiety” in high-risk dis-
course (User_A) but simultaneously co-occurs with “Gym”
in mainstream fitness discourse (User_B). The AUTHORED
edges capture the divergent sentiment (—0.8 vs +0.6) ap-
plied to the same concept by different communities.

Phase 4: Social Network Construction

* Parse social media comment trees to identify reply rela-
tionships

» Extract parent-child comment pairs

 Calculate sentiment dynamics between interactions

Phase 5: Graph Integration

* Merge all node and edge types into unified NetworkX
graph

* Apply Louvain community detection (resolution = 1.0)

* Calculate graph statistics and connectivity metrics

Community Cohesion Metrics For each detected com-
munity, we calculate cohesion as:

Internal Edges
Internal Edges + External Edges

Cohesion =

(@3]

This metric ranges from 0 (no internal connections) to 1
(completely isolated community), providing a quantitative
measure of echo chamber formation.

4.4 Knowledge Graph RAG

To uncover trends and patterns within youth wellness dis-
course on social media, we adopt and extend the Ligh-
tRAG (Guo et al. 2025) framework to enable knowledge
graph—augmented retrieval and reasoning.

We first construct a knowledge graph by employing an LLM
to extract entities and relations from multi-platform text data.
A subsequent LLM pass generates key—value pairs for each
entity and relation, facilitating efficient retrieval and context
linking. The resulting corpus is then embedded into a vector
database, where documents are chunked for scalable semantic
search and retrieval.

To enhance domain alignment, we modify LightRAG’s de-
fault prompts for entity and relation extraction by incorpo-
rating social media—specific examples, replacing the origi-
nal literary-based templates. This adaptation allows for more
accurate recognition of informal expressions and platform-
specific discourse structures.

Using our customized knowledge graph and embeddings,
we query LightRAG through a modified codebase that re-
trieves not only answers and contextual passages but also
the underlying entities and relations associated with each re-
sponse. For evaluation, we adopt the LLM-as-judge frame-
work from (Guo et al. 2025), assessing answer quality along
three dimensions: Comprehensiveness, Diversity, and Em-
powerment. We further compare performance across hyper-
parameter settings and baseline LLMs to identify the optimal
configuration for detecting wellness-related trends and vul-
nerabilities across social media platforms.

Implementation & Hardware Specs: The LightRAG frame-
work was deployed on a high-performance compute node
equipped with dual NVIDIA RTX 6000 Ada Generation
GPUs (48GB VRAM each). To optimize resource contention,
we decoupled the architecture: the generative LLM resided
on the first GPU, while the embedding model—which exhib-
ited negligible VRAM footprint—was isolated on the second
GPU.



4.5 Reproducibility

To facilitate future research and replication of our findings,
the complete codebase—including the threshold-tuned NER
pipeline, SSKG construction, LightRAG prompt modifica-
tions, and anonymized graph datasets—will be made publicly
available upon publication (or is available to reviewers upon
request).

5 Experiments and Results
5.1 Multi-Platform Data Collection

We address risks in online youth wellness through a multi-
platform pipeline designed to detect user vulnerabilities. We
first outline the data engineering and preprocessing infras-
tructure essential for the responsible analysis of this sensitive
content.

We collected a contemporary dataset (2024-2025) spanning
three major platforms to capture diverse engagement pat-
terns. For Reddit, we utilized the Python Reddit API Wrap-
per (PRAW) API to extract 18,808 posts from 8,428 users
and comments from 14 subreddits ranging from support fo-
rums like r/depression to misinformation hubs like r/conspir-
acy. Simultaneously, we gathered visual content from TikTok
(1,438 videos, 348 users) and YouTube Shorts (1,971 videos,
1,623 users) using Apify and PyTube, respectively. We tar-
geted hashtags such as #skinnytok and #chromebookchal-
lenge to capture the vernacular of short-form video. All video
content from TikTok and YouTube Shorts was transcribed via
OpenAl’s Whisper model to enable unified textual analysis.
We acknowledge that in this iteration, visual modality is ap-
proximated via these audio transcripts and text captions; na-
tive frame-based features were not extracted.

The final dataset comprises 22,217 total posts from 10,396
unique users across all platforms, providing a comprehensive
view of youth wellness discourse in the contemporary social
media landscape.

5.2 Data Cleaning and Preprocessing
Pipeline

We implemented platform-specific preprocessing strategies:

* Pronoun Resolution: Replaced first-person pronouns with
user identifiers to maintain authorship tracking across the
knowledge graph.

» Hashtag Processing: Removed generic hashtags (#fyp,

#foryou) while preserving content-relevant tags for the-

matic analysis.

Stopword Filtering: Eliminated common stopwords

while preserving wellness-specific terminology critical to

domain understanding.

Encoding Standardization: Handled UTF-8 encoding is-

sues and special characters across platforms to ensure con-

sistent text processing.

We then conduct comprehensive experiments to validate our
NER model, analyze the resulting knowledge graph structure,
and identify patterns in youth wellness discourse. Our results
reveal distinct community structures and concerning patterns
that highlight potential risks to vulnerable youth populations
in the 2024-2025 period.

Entity Type Schema Platform-specific patterns are ev-
ident in Table 1. Reddit shows the highest concentration of

Entity Type Reddit TikTok YouTube
(%) (%) (%)

PERSON 514 36.5 56.1
ORGANIZATION 10.4 4.8 13.4
SUBSTANCE 10.3 9.2 5.8
LOCATION 9.7 1.8 4.1
FOOD_ITEM 4.7 219 3.7
EATING_BEHAVIOR 3.8 7.2 1.4
BODY_METRIC 1.3 2.2 1.7

Table 1: Entity Type Distribution Across Platforms (Top 7
Categories)

SUBSTANCE entities (10.3%), reflecting longer-form dis-
cussions about drug use and harm reduction. TikTok exhibits
apronounced focus on EATING_BEHAVIOR entities (7.2%),
aligning with the platform’s visual content emphasizing food
consumption and body image. YouTube Shorts demonstrates
more balanced distribution, with elevated ORGANIZATION
mentions (13.4%) potentially reflecting brand sponsorships
and challenge promotions.

Our refined schema consolidates 22 initial labels into 13
semantically coherent categories, improving model perfor-
mance while maintaining interpretability. The consolidation
process grouped similar concepts (e.g., merging “meal,”
“snack,” and “cuisine” into FOOD_ITEM) to reduce label im-
balance and improve classification consistency.

5.3 Named Entity Recognition Performance

Our 5-fold cross-validation on 901 manually annotated en-
tities demonstrated that the threshold-tuned model achieves
a robust F1 score of 0.612. This performance is sufficient
to identify key semantic clusters within the network topol-
ogy without the overhead of maintaining a fine-tuned model
pipeline.

Performance Analysis The threshold optimization pro-
cess revealed critical insights:

¢ Optimal Threshold: Testing thresholds from 0.1 to 0.9
identified 0.5 as optimal, balancing precision (0.59) and
recall (0.636)

* Processing Efficiency: 1.2 hours total processing time for
22,217 documents

* Entity Coverage: Successfully extracted 22,929 unique
entities across all platforms

To validate this cross-platform linkage strategy, we per-
formed a manual audit on a random sample of 100 linked
user pairs. We verified identity matches by cross-referencing
bio information (e.g., “Follow my TikTok” links in Reddit
bios) and consistent distinct username usage. This manual
verification confirmed a true positive rate of 93%. While we
acknowledge that deterministic linking biases the dataset to-
ward users who maintain consistent public personas, this is
appropriate for analyzing public discourse actors who influ-
ence cross-platform narratives.

5.4 Knowledge Graph Statistical Analysis

The final unified knowledge graph demonstrates the scale and
complexity of youth wellness discourse:



Metric Value

Total Nodes 31,833
- User Nodes 8,345
- Entity Nodes 22,929
- Additional Metadata Nodes 559
Total Edges 77,502
- User—User (REPLIED_TO) 7,896
- User—Entity (AUTHORED) 45,612
- Entity—Entity (CO_OCCURRED) 23,994
Connected Components 1,737
Largest Component Size 24,127 nodes

Largest Component Coverage 75.8%

Table 2: Knowledge Graph Statistics

The presence of 1,737 connected components reflects the
fragmented nature of youth wellness discussions, with the
giant component containing 75.8% of all nodes indicating a
core interconnected discourse surrounded by isolated topic
clusters.

5.5 Network Visualization Analysis

Top 50 Most Interconnected Entities Figure 3 reveals
the semantic core of youth wellness discourse through net-
work analysis of the 50 most central entities. The visualiza-
tion employs a force-directed layout that naturally clusters re-
lated concepts while preserving their interconnections. Three
dominant thematic clusters emerge:

» Eating Behaviors Cluster: Entities like “fasting,” “break-
fast,” “diet,” and “calories” form a tightly connected
subgraph with mixed sentiment edges, indicating both
recovery-supportive and potentially harmful discourse.
Crucially, we observed that neutral biological entities such
as “metabolism,” “brain,” and “stomach” occupy high-
betweenness centrality positions between these conflicting
clusters. These “Bridge Nodes” act as semantic gateways:
a user querying neutral physiological terms can be algo-
rithmically routed from healthy fitness content into high-
risk pro-anorexia subgraphs.

Physical Activity Cluster: Terms including “exercise,”
“walking,” “weight,” and “cardio” show predominantly
positive sentiment connections (green edges), suggesting

fitness-oriented discussions

¢ Substance Discussion Cluster: Entities such as “mdma,”
“benzos,” and “alcohol” exhibit complex connectivity pat-
terns with varied sentiment, reflecting harm reduction, ex-
perimentation, and recovery narratives

ELNT3 2,

Notably, biological entities (“brain,” “muscle,” “stomach”)
serve as semantic bridges between clusters, suggesting that
physiological framing mediates discussions across different
wellness domains. The dense interconnectivity demonstrates
that youth wellness discourse operates as an integrated se-
mantic network rather than isolated topic silos.

Community Structure Analysis Figure 4 presents a
comparative analysis of three representative communities
identified through Louvain modularity optimization (resolu-
tion = 1.0), selected to illustrate distinct patterns in youth
wellness discourse:

Most Positive Community (Left Panel):

* Size: 373 nodes with average degree 36.66
e Sentiment: 0.534 (highest positive sentiment)

» Key Entities: “fruit,” “breakfast,” “salad,” “bread,” “peanut
butter”

* Structural Properties: 245 visible nodes with 1,438 edges
in the sampled subgraph

* Interpretation: Recovery-focused or health-promotion dis-
course with high cohesion

Most Negative Community (Center Panel):

* Size: 32 nodes with average degree 16.06

* Sentiment: 0.021 (near-neutral but lowest among commu-
nities)

* Key Entities: “covid-19,” “diseases,
“pandemic,” “starving”

* Structural Properties: 55 visible nodes with 193 edges (in-
cluding external connections shown in gray)

* Interpretation: Health threat and anxiety-focused discus-
sions with sparse connectivity

2 . ELINT3

poison,” “masks,”

Largest Community (Right Panel):

* Size: 614 nodes with average degree 27.86
* Sentiment: 0.301 (moderately positive)

2 2«

» Key Entities: “weight loss,” “cardio,
cles,” “camp”

* Structural Properties: 261 visible nodes with 981 edges

* Interpretation: Mainstream fitness culture spanning diet,

exercise, and body transformation

stomach,” “mus-

Gray nodes in each panel represent external entities provid-
ing network context. The distinct clustering patterns and sen-
timent profiles confirm that youth wellness discourse frag-
ments into thematically and emotionally distinct communities
with varying degrees of isolation.

5.6 Community Detection Results

Louvain community detection with resolution parameter 1.0
identified multiple communities of varying sizes and charac-
teristics:

Community Size  Cohesion Avg. Sentiment
Food/Eating 5,140 0.699 +0.365
Politics/Conspiracy 4,829 0.658 -0.060
Crime/Violence 4,377 0.484 -0.045
Substances 3,102 0.681 +0.216
Social/Personal 2,831 0.487 +0.130

Table 3: Major Community Characteristics

Cohesion Analysis Community cohesion, calculated as
the ratio of internal edges to total edges connected to com-
munity nodes, reveals important structural patterns:

* High cohesion communities (>0.65) such as Food/Eat-
ing (0.699) and Substances (0.681) indicate echo chamber
formation where users predominantly interact within their
community

e Lower cohesion communities (<0.50) like Crime/Vio-
lence (0.484) show more cross-community interaction

¢ The correlation between cohesion and topic sensitivity
suggests that stigmatized topics tend to form more isolated
discussion spaces






