International Journal on Advances in Networks and Services, vol 18 no 3&4, year 2025, http://www.iariajournals.org/networks_and_services/

Unveiling Content Traps: A Network Resilience and Topic-Based Study of YouTube’s
Algorithmic Content Curation

Md Monoarul Islam Bhuiyan*, Nitin Agarwal®*{
*COSMOS Research Center, University of Arkansas at Little Rock, Arkansas, USA
TInternational Computer Science Institute, University of California, Berkeley, California, USA
e-mail: {mbhuiyan, nxagarwall}@ualr.edu

Abstract—YouTube’s recommendation algorithm drives 70 %
of total video views, playing a pivotal role in shaping user
engagement and content consumption. However, this algorithm
often contributes to the creation of content traps, or attractor
content, where users are nudged towards certain videos. Repeated
nudges to users in turn create filter bubbles and echo chambers.
This study aims to identify and analyze such content traps
within YouTube’s recommendation network using Focal Structure
Analysis (FSA), a social network analysis approach designed to
detect key groups of nodes in a network that together act as
powerful attractors due to their position in the network. Such
focal structures in a video recommendation network act as strong
content traps. By constructing a network based on YouTube’s
recommendation hops, we identify content traps using the FSA
approach. We then confirm the presence of dominant themes
and high topical consistency by leveraging topic modeling and
information divergence metrics, suggesting less topical diversity
in content traps. Engagement analysis of content trap videos with
high topic uniformity reveals user interactions reinforce these
traps. Our findings provide insight into content trap dynamics
that could inform strategies for content consumers to break out of
them and help platform owners to develop debiasing techniques
in their content curation algorithms. This research highlights the
critical role of recommendation algorithms in shaping content
exposure and calls for strategic interventions to foster greater
content diversity and mitigate the effects of content traps.

Keywords-Content Traps; Network Resiliency; YouTube Recom-
mendation Network; Social Network Analysis; BERTopic

I. INTRODUCTION

With the rise of social media platforms, several activities
have gained wide popularity, including content creation and
sharing, news consumption, community engagement, societal
influence, and many others. The rapid adoption of these has
become possible due to massive user engagement with video
content that can often lead to the entrapment of content [1].
YouTube is the second-most popular social media platform and
the number one video-sharing platform globally, available in
over 100 countries and 80 languages [2]. Moreover, YouTube’s
recommendation algorithm drives 70% [3] of its watch time,
making it one of the most influential aspects of the platform.
Since this algorithm helps users discover content aligned
with their viewing habits, it often also creates content traps
or attractor content, where users are repeatedly exposed to
similar content. The emergence of content traps is particularly
concerning for sensitive or controversial topics, as it can
influence public opinion, deepen polarization, and propagate
misinformation. Given YouTube’s critical role in shaping digital
discourse, understanding the mechanisms driving content traps

is essential. This phenomenon highlights concerns about the
recommendation algorithm’s influence on user behavior and
its role in reinforcing content loops.

With an emphasis on how YouTube’s algorithm directs
users toward repeating and thematically limited content loops,
we examine in this study the phenomena of content traps
inside the platform’s recommendation network. We employ
Focal Structure Analysis (FSA) [4], a social network analysis
(SNA) approach, to detect powerful set of nodes, known as
focal structures, that play a significant role in shaping user
engagement and reinforcing content traps.

Our analysis begins by constructing a recommendation
network based on video suggestion patterns and then iden-
tifying focal structures. After that, we assess the impact of
these structures by examining how their removal from the
recommendation network affects its overall connectivity and
resilience.

Through topic modeling and divergence metrics, we explore
the topical consistency within these focal structures. Our study
identifies content traps characterized by dominant, repetitive
themes. Moreover, we examine user engagement trends to
determine how interactions contribute to the persistence of
these traps. Our study highlights how crucial it is to address
algorithmic design in order to encourage content diversity
and lessen the effects of content loops, which will ultimately
help create a more equitable online interaction. This research
highlights the broader implications of recommendation systems
on user behavior and content consumption in online platforms.

Although algorithmic biases are becoming more widely
recognized [5], to the best of our knowledge, there is currently
no systematic method for identifying and assessing these
content traps within YouTube’s dynamic recommendation
system. Our study aims to understand the presence of content
traps within YouTube’s recommendation network by leveraging
the focal structure analysis approach. With this, we seek to
answer the following research questions:

« RQ1. How can content traps or attractor contents be detected
within focal structures from YouTube’s recommendation
network?

« RQ2. How can topical consistency within focal structures of
YouTube’s recommendation network be assessed to identify
the presence of content traps or attractor contents?

« RQ3. Can engagement statistics be used to validate the
findings of the content trap discovery model?
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We examine how focal structures—defined as key sets
of attractor nodes within YouTube’s recommendation net-
work—contribute to the emergence and persistence of content
traps. By analyzing how these structures shape user experiences
and exposure pathways, we reveal how recommendation algo-
rithms can narrow informational diversity and reinforce homo-
geneous content loops. This study advances the understanding
of algorithmic content traps by integrating structural, semantic,
and behavioral perspectives. We show that Focal Structure
Analysis systematically identifies cohesive subgraphs that act as
attractor contents, that these structures display strong thematic
uniformity as measured through BERTopic and divergence met-
rics, and that user engagement disproportionately amplifies the
most uniform topics, empirically validating trap-like behavior.
Together, these insights contribute to the broader discourse on
algorithmic content control and offer a generalizable analytical
approach for diagnosing and mitigating entrapment dynamics
within large-scale recommendation platforms.

The rest of this paper is organized as follows: The Liter-
ature Review section reviews existing studies for identifying
influential sets of nodes from a social network along with the
identification and implications of content traps in social media.
While the Methodology section outlines the approaches used
for the overall study, the Experimental Results and Analysis
section presents the findings of our research. Lastly, the final
Conclusion and Future Work section summarizes the study and
suggests directions for future research.

II. LITERATURE REVIEW

This section is divided into two parts. We first discuss the
relevant literature related to identifying influential sets of nodes
within a social network. After that, we delve deeper into the
related literature around content traps and topical uniformity
[6], exploring their formation and impact on social networks
as well as the implications for user experience and societal
impact from these attractor contents in social media.

A. Identifying Sets of Key Social Network Entities

Identifying key nodes or sets of nodes that are best connected
and most influential in a social network is crucial for extracting
actionable knowledge. Consequently, various methods have
been proposed to identify these key nodes. While HITS deter-
mines hubs and authorities [7], PageRank assigns a numerical
weight for each node in the network [8]. Both of these
approaches can be used to identify influential nodes from social
networks. In contrast, identifying the communities and clusters
from a social network perspective has also been widely studied.
Generally, in a community, similar nodes are more clustered
together than nodes that don’t share commonalities [9]. Previous
researchers have also worked on a more sophisticated approach
where their focus shifted from identifying the influential nodes
or communities to detecting smaller key sets of players who
maximized information diffusion. Authors in [10] devised a
methodology where they identified focal patterns leveraging the
Louvain method, which gave them more relevant information
about the network than obtained from just the influential
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nodes [11]. When applying this method to large biological
networks, they found more prominent, smaller, and relevant
structures in protein-protein interaction networks [12]. Since
this method couldn’t extract structures with lower connection
density, researchers extended their approach by combining
highly connected candidate focal structures based on similarity
values. This allowed the identification of both cliquish and
small sparse yet connected structures [13]. An advanced version
of this approach was proposed by [4], where they combined
user-level centrality and group-level modularity methods to
create a bi-level maximization network model that overcame
the shortcomings of the previously described focal structures
analysis methods.

While identifying these nodes is crucial for network analysis
since they greatly influence the network’s architecture, their
impact assessment on the overall network is also imperative.
As a consequence several of such assessment metrics have
been developed [14] to quantify the network’s resilience to
disruptions, providing insights into its stability and connectivity.

B. Content Homogeneity in Social Media

Content traps occur when recommendation systems such as
those used by social media platforms limit users’ exposure to
diversified content, which in turn can result in the reinforcement
of existing beliefs and preferences. Pariser et al. (2011) first
introduced the concept of filter bubbles, highlighting how
algorithms can create information ecosystems that reinforce
users’ existing views and interests. More recent research by
Bechmann et al. (2018) examined filter bubbles in Facebook
news feeds by analyzing information similarity in link sources
and content semantics. The role of recommender systems in
increasing content homogeneity, particularly during significant
political events such as the 2018 Brazilian presidential election,
has also been studied. While the study of content bubbles has
been conducted, solutions to mitigate these bubbles have also
been researched. Diversification algorithms have been explored
as a potential solution to mitigate these election polarization
effects [17]. Studies on link prediction in social networks
show that fairness-aware algorithms, which utilize network
modularity measures, can decrease the segregation caused by
homophily and mitigate filter bubbles [18]. On a behavioral
level, awareness of filter bubbles influences how users respond
to them, though personality traits have been found to play a less
significant role in motivating corrective actions, particularly on
platforms like Facebook [19]. Furthermore, an integrated tool
synthesizing previous research has been proposed to provide
users with a more comprehensive way to avoid filter bubbles
across social networks, emphasizing the need for holistic
approaches to diversify user experience and counteract content
loops [20]. Together, these studies emphasize the growing
importance of addressing filter bubbles through technological,
algorithmic, and user-behavior-focused interventions.

Despite substantial attention to filter bubbles and algorithmic
bias, there remains limited empirical work that systematically
identifies and quantifies content traps within YouTube’s recom-
mendation network. Existing studies often address influential
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nodes, content homogeneity, or user-level effects in isolation,
but they do not provide an integrated framework that connects
structural attractors, semantic uniformity, and engagement-
driven reinforcement. This fragmentation leaves a gap in
understanding how recommendation algorithms produce and
sustain narrow content pathways. In this paper, we address
this gap by identifying focal structures within YouTube’s
recommendation graph, assessing their structural influence
through network fragmentation analysis, and evaluating their
thematic consistency using topic modeling and divergence
metrics. By linking these structural and semantic findings with
engagement patterns, our study offers a unified approach for
understanding how content traps emerge and persist within
algorithmically curated environments.

I[II. METHODOLOGY

This section outlines our systematic approach to analyz-
ing the YouTube recommendation network, detecting focal
structures, and evaluating the presence of content traps. We
start by summarizing our approach in collecting data, dataset
background, and building YouTube recommendation networks.
After that, we present the network resiliency approach taken
to rank key focal structures. In addition to that, we lay
out the foundation for the analysis of the topics using the
BERTopic model. Lastly, this section explores several metrics
to investigate the topical consistency across different topics
within the focal structures.

A. Data Collection

The data collection process in this study was designed to
systematically capture YouTube’s algorithmic behavior through
its ‘watch-next’ recommendations. In this study. we analyzed
two contexts, the China—Uyghur conflict and the Cheng Ho
propaganda on YouTube. Below we provide background details
for these two contexts and the motivation for studying them.

1) Cheng Ho Propaganda: In recent years, the Chinese
Communist Party (CCP) has adapted the story of the 15th-
century admiral Zheng He, also known as Cheng Ho, to support
its current political messages. Once known for his peaceful sea
voyages, Zheng He is now depicted as a symbol of religious
tolerance and diplomacy [21]. This shift aligns with China’s
efforts to address criticism of its treatment of Uyghur Muslims
and to promote its Maritime Silk Road initiative. By rebranding
this historical figure, the CCP aims to strengthen its soft power,
particularly in Southeast Asia.

2) China Uyghur Conflict: The conflict in Xinjiang focuses
on the struggles faced by the Uyghur Muslim minority
in China, which includes issues like cultural suppression,
ethnic tensions, and government policies[22]. Researchers have
studied this situation through various lenses, such as identity
politics, language policies, the dynamics between majority and
minority groups, and the desire for self-governance [23]. The
international response between 2018 and 2022 has drawn more
attention to human rights issues, highlighting the severity of
the conflict.
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We selected the China—Uyghur conflict and Cheng Ho
propaganda datasets for their geopolitical and ideological
relevance in examining algorithmic content amplifications
and recommendation dynamics within the recommendation
network.

3) Keyword Generation and Crawling: We initiated the
process by conducting workshops with subject matter experts to
compile a targeted list of keywords related to the China—Uyghur
conflict and the Cheng Ho propaganda. These keywords served
as search queries on YouTube’s search engine, generating
an initial set of seed videos. It’s important to note that the
unbalanced count of keywords as shown in Table I and Table
II between different datasets does not compromise the validity
of our study.

Table I: Keywords related to China-Uyghur conflict

Keywords

Penindasan/oppression + Uighur/Uyghur, Kejam/cruel + Uighur/Uyghur,
Saudara muslim/muslim brother + Uighur/Uyghur, Kalifah/capliph
+ Uighur/Uyghur, Khilafah/caliphate + Uighur/Uyghur, “China is
Terrorist”, “Stop Genocide”, “Save Muslim Uyghur”, “Get Out
China”, “I Love Muslim Uyghur”, “peduli Uyghur” / “Care Uyghur”,
“bebaskan muslim uyghur dari penindasan china” / “free uyghur
muslims from china’s oppression”, “do’a kan saudaramu” / Pray for
Muslim Uyghur, Hizbul Tahrir / HTT + Uighur/Uyghur, Front Pembela
Islam/FPI/Islamic Defenders Front + Uighur/Uyghur, Nahdlatul Ulama
+ Uighur/Uyghur, Muhammadiyah + Uighur/Uyghur, Hebibulla Tohti
+ Indonesia, Mohammed Salih Hajim + Indonesia, Yusuf Martak
+ Uighur/Uyghur, Slamet Ma’arif + Uighur/Uyghur, Xiao Qian +
Uighur/Uyghur, Pendidikan/education + Uighur/Uyghur

Table II: Keywords related to Cheng Ho propaganda

Keywords

Cheng Ho, Zheng He, Sam Po Kong, Sam Poo Kong, Daerah Otonom
Uighur Singkiang, Singkiang, Hatta + 1957, Novi Basuki, Sam Po Bo,
Cheng Ho / “Zheng He" + laksamana + damai, Sam Po Kong + Islam
+ Indonesia, 1421 Saat China Menemukan Dunia + “Gavin Menzies",
Gavin Menzies, Cheng Ho / “Zheng He" “Columbus"

Using custom-built crawlers, video recommendations were
extracted recursively across multiple depths. Starting with the
seed videos, the first depth of recommendations was captured,
and each recommended video was subsequently treated as a
parent node for further investigation [24]. Datasets with distinct
videos were produced due to this iterative procedure, which
proceeded until four recommendation depths were reached.
This created the recommendation network with 5 levels. The
decision to limit the collection of data for 5 levels was a
strategic choice based on essential computational constraints.
As we explored deeper recommendation levels, the data volume
increased exponentially. Restricting the analysis to a maximum
of 5 levels for a more manageable evaluation of the data
without compromising the integrity of the findings. A similar
strategy was adopted by the authors in [25]. We then gathered
titles, descriptions, and engagement metrics such as likes,
comments, and views for each video except for the transcript
using YouTube Data API v3 [26]. However, for transcript
generation, the method from [27] was used.
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B. Network Construction

The China—Uyghur conflict and Cheng Ho propaganda
datasets consisted of 9,748 videos and 14,307 interconnections
and 8,489 videos and 13,384 interconnections, respectively, that
represented YouTube’s recommendation paths across several
hops, and they were used to start the network construction
process. The initial networks had an average clustering coeffi-
cient of 0.067 and 0.062, respectively, suggesting comparatively
sparse and loosely connected network structures.

A&

K

Figure 1: This graph illustrates the Cheng Ho propaganda
recommendation network on YouTube after pruning, showing a
denser, more interconnected structure with an average clustering
coefficient of 0.362.

To make our study more efficient and less computationally
constrained, we then refined the recommendation networks
using a filtering criterion to concentrate on significant con-
nections by retaining only videos that had a degree of 3
or more. This simple yet effective graph-pruning approach
reduced network sparsity, enhanced structural coherence, and
ensured that the analysis concentrated on nodes that were more
influential, aligning with prior research that had demonstrated
the effectiveness of graph pruning in improving computational
feasibility and analytical precision [28], [29]. Thus, the filtering
process reduced the networks, resulting in a denser graph with
an average clustering coefficient of 0.38 and 0.362, respectively,
for the China—Uyghur conflict and Cheng Ho propaganda
recommendation networks, as depicted in Figures 1 and 2.
The increase in the clustering coefficient indicates a more
tightly-knit YouTube recommendation network, ensuring that
our analysis captured well-connected focal structures rather
than weakly linked, peripheral nodes. Due to this, we identified
areas more likely to contribute to content traps by focusing on
these denser network connections. This allowed us to assess
the impact of focal structures on the topical consistency of
recommended content and their influence on user engagement.

C. Focal Structure

Focal structures (FS) are key sets of individuals in a social
network who may be responsible for coordinating events,
protests, or leading citizen engagement efforts. In the context
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Figure 2: This graph illustrates the China—Uyghur conflict
recommendation network on YouTube after pruning, showing a
denser, more interconnected structure with an average clustering
coefficient of 0.38.

of content traps, focal structures can be defined as a set of
attractor content(s), e.g., a set of videos. By manipulating
content recommendations, these structures limit exposure to
diverse perspectives, reinforcing particular viewpoints, and
ultimately drawing users deeper into a narrow content spectrum
in the YouTube video recommendation network. Understanding
these dynamics is crucial for assessing the societal impacts of
content dissemination in digital environments.

In our study, we identified focal structures in YouTube video
recommendation networks, represented as a social network
G = (V,E), where V is the set of vertices (videos) and E
is the set of edges (recommendation links between videos).
Focal structures are defined as subgraphs within this network.
Formally, focal structures are defined by F' = {G’}, where
G'=(V',E’), such that V' C V and E’ C E. For all 7 and 7,
i # j, Gy € F and G; € F, such that no two focal structures
can subsume each other, or G; ¢ G; and G; ¢ G;. [4]. This
ensures that the focal structures identified in the network are
unique and non-overlapping, each representing a key distinct
set of nodes (videos) and edges (recommendations).

D. Network Resiliency Assessment

To identify the key focal structures in our study, we first
removed each focal structure from the pruned graph and
analyzed the resulting cluster formation to assess network
fragmentation. It can be posited that a higher number of
clusters indicates greater fragmentation, which suggests that
the removed focal structure played a more critical role in
maintaining the overall cohesion of the network. In other words,
these focal structures act as critical connectors within the overall
network. When these key structures are removed, the network’s
cohesiveness decreases, demonstrating their influence to the
overall network [30]. This method emphasizes the structural
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significance of focal structures and provides insight into how
they support content flow throughout the recommendation
system and preserve network integrity.

E. Topic Modeling with BERTopic

In order to analyze the content and thematic focus within
the focal structures, we applied the BERTopic [31] model,
which is a powerful tool for topic modeling that can generate
interpretable topics from large text datasets. In our analysis,
we opted for BERTopic over conventional models such as
Latent Dirichlet Allocation (LDA) [32] or Non-negative Matrix
Factorization (NMF) due to its enhanced capability to capture
semantic nuances and contextual information. This superiority
enables BERTopic to generate more refined and granulated
topics, thereby providing deeper insights into the underlying
data structure. The primary goal of our study was to determine
whether high topic uniformity within a focal structure, where
one topic dominates beyond a specified threshold, indicated
the presence of a content trap or attractor content, leading to
more homogeneous content consumption.

Since YouTube video transcripts are often lengthy, we en-
countered a limitation due to BERTopic’s processing constraint.
The maximum length limit of tokens is 512 for the BERTopic
model. Hence, we split the video transcripts into multiple
chunks, each containing fewer than 512 words, ensuring
that each chunk remained coherent by splitting at sentence
boundaries. As a result, this method helped maintain the
consistency and integrity of the information while ensuring
that the chunks adhered to the token limit set by BERTopic.
Furthermore, it helped reduce noise, leading to more accurate
topic representations. Next, we mapped the identified topics to
video IDs to analyze the distribution of videos by topic. This
approach enabled a comprehensive understanding of thematic
coverage within each focal structure, capturing the diversity or
concentration of topics.

After that, we defined a threshold to detect content traps.
Specifically, a content trap was identified when a particular
topic appeared in more than 50% of the videos within a focal
structure. This threshold was chosen based on the idea that
a concentration of similar topics across a significant portion
of the videos within a focal structure might limit the diversity
of content, thereby trapping users in a narrow content trap.
In other words, by limiting exposure to varied content, these
tightly connected groups of videos increase the likelihood of
users being repeatedly nudged toward the same themes, thereby
acting as attractor content. The threshold can be formally
represented as

T = e - g5 (1)

Thotal
where

o T is the threshold for identifying a content trap within a
focal structure,

e Nyopic 1s the number of videos in the focal structure that share
a specific topic, and

e Nyoral 18 the total number of videos within the focal structure.
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We classified the focal structure with a content trap if the
proportion 1" exceeded 0.5. This threshold helped identify clus-
ters where the recommendation algorithm disproportionately
favored a single topic that could result in a lack of content
diversity. Consequently, this could lead to users continuously
engaging with similar or attractor videos over extended periods.
Identifying such focal structures can highlight specific areas
within YouTube’s recommendation system that may contribute
to content traps, allowing us to further investigate the impli-
cations for user experience and content engagement patterns.
Therefore, this methodology provided a systematic way to
analyze the topic uniformity in a focal structure within the
recommendation system, offering insights into how the role of
YouTube’s recommendation algorithm may influence content
diversity and contribute to content traps.

F. Divergence Metrics

We utilized two key divergence metrics to quantify the
similarity between the distributions of topics within focal
structures, namely, Kullback-Leibler (KL) Divergence [33] and
Jensen-Shannon (JS) Divergence [34]. These metrics provide
insights into the diversity and uniformity of topics, which are
critical in identifying content traps.

1) Kullback-Leibler (KL) Divergence: The Kullback-Leibler
(KL) Divergence measures the difference between two proba-
bility distributions P and Q. It is defined as

P(i)
Qi)

Dy (P||Q) = Z P(i)log )

where
« P(i) represents the true topic distribution and
o Q(7) represents the approximated topic distribution.

A low KL Divergence value indicates that the two distribu-
tions are similar, suggesting a limited diversity in the topics
present within the focal structure that may signal a content
trap.

2) Jensen-Shannon (JS) Divergence: The Jensen-Shannon
(JS) Divergence is a symmetrized and smoothed version of KL
Divergence. It is computed as

Ds(PIIQ) = 5 (Din(PIM) + Dir(@UM)) )

where M is the average distribution

S(P+Q) @

The JS Divergence is bounded between O and 1, making it
more stable for comparing distributions. A lower JS Divergence
value indicates a lack of topic diversity and the existence of
content traps.

In our study, KL Divergence and JS Divergence were
employed in order to assess the extent of topic uniformity
within focal structures. High values of KL Divergence or JS
Divergence suggested a diverse range of topics, indicating the
absence of a content trap. In contrast, low KL and JS Diver-
gence values pointed to significant topic uniformity, signaling a

M =
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potential content trap and providing a quantitative approach to
evaluating content traps. Additionally, these approaches offered
valuable insights into YouTube’s recommendation algorithm
dynamics and its role in shaping content diversity.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

This section focuses on key factors influencing content
traps within YouTube’s recommendation network. We start
with Focal Structure Analysis and network fragmentation,
which examine focal structures and their effects on network
resiliency. Next, we explore topical uniformness and content
trap identification, focusing on how topic dominance can lead
to content homogeneity. The role of divergence metrics is
then assessed in identifying content traps through KL and JS
Divergence. Lastly, we investigate user engagement’s role in
reinforcing content homogeneity, highlighting how interactions
influence content consumption patterns.

Figure 3: Network visualization of topics and associated video
IDs, where red nodes represent topics, blue nodes represent
video IDs, and edges denote the association between a video
and its topic within the focal structure number 3 of China-
Uyghur conflict network data.

A. Focal Structure Analysis and Network Fragmentation

Focal Structure Analysis (FSA) is a social network analysis
method that aims to find key sets of individuals rather than
a set of key individuals within a social network. The goal of
this analysis is to identify structures that can exert influence
over the maximum number of entities across various parts and
communities within social networks. As part of our research, we
first applied the focal structure analysis method to our overall
pruned recommendation networks. This analysis identified 105
focal structures within the China—Uyghur conflict dataset and
141 within the Cheng Ho propaganda dataset. After that, we
analyzed the network fragmentation resulting from removing
each focal structure to identify the key groups in the social
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network. By assessing the number of clusters formed after the
removal, we extrapolated the role of each focal structure in
maintaining the network’s cohesion. When a focal structure
is removed, a greater number of resulting clusters indicates
a more significant disruption to the network. This suggests
that the removed structure played a crucial role in maintaining
connectivity and content flow. Therefore, we were able to
identify the most important focal structures for our study. The
top 5 of such focal structures for each dataset are listed in
Table III.

'
1
. .
o/ — "=
3 i 8 6 7

5 2 10 9

.
-

w

Views Count
N

Topic ID

Figure 4: View count distribution across sorted topics based
on topic uniformity for China-Uyghur data for focal structure
3. Topic 1 has the highest uniformity but low median views.
Significant outliers indicate certain videos received dispro-
portionately high attention, suggesting algorithmic bias and
reinforcing the content trap.

Figure 5: Network visualization of topics and associated video
IDs, where red nodes represent topics, blue nodes represent
video IDs, and edges denote the association between a video
and its topic within the focal structure number 9 of China-
Uyghur conflict network data.
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Table III: Key metrics for focal structures in the recommendation networks, including size, dominant topic, topic uniformity,
and divergence scores. Structures with uniformity above 50% are flagged as potential content traps.

Datasets

Focal Structure (FS) No. Videos in FS No. of Videos in Dominant Topic No. of Clusters Topic Uniformity Content Trap KL Divergence JS Divergence

3 105 64 185 61% YES 0.680 0.158

9 30 17 44 57% YES 0.004 0.001

China-Uyghur Dataset 1 25 15 41 60% YES 0.012 0.003

102 13 7 31 54% YES 0.067 0.234

101 13 5 28 38% NO 0.154 0.043

13 68 45 134 66% YES 0.700 0.166

1 52 21 96 40% NO 0.770 0.174

Cheng Ho Propaganda Dataset 6 28 22 81 79% YES 0.446 0.120
22 29 16 74 55% YES 0.094 0.025

3 28 18 74 64% YES 0.277 0.069

B. Topic Uniformity and Content Trap Identification in Focal
Structures

In this section, we delve deeper into analyzing the thematic
focus within the identified key focal structures by measuring the
topic uniformity. After identifying the top key focal structures
from our networks, we applied the BERTopic model to extract
interpretable topics from the video transcripts. Next, for each
focal structure, we extracted the number of videos associated
with each topic. Topic uniformity was then quantified by
calculating the dominance of a particular topic within a set of
videos, such as those within a focal structure. This measure
reflects the proportion of content assigned to the dominant topic,
which indicates the extent to which a focal structure is centered
around a single or attractor topic. By setting up a threshold for
topic uniformity, we identified content traps. A focal structure
was classified as having a content trap if a single or attractor
topic appeared in more than 50% of the videos within that
structure. Table III presents the total number of videos in
each focal structure, the number of videos in the dominant
topic associated with each focal structure, topic uniformity,
and whether the structure was identified as a content trap. This
methodology provides valuable insight into how homogeneous
topic concentration within focal structures can lead to a lack
of content diversity, potentially trapping users in a narrow
content trap and addressing our research question RQ1. In
addition, to support these findings, Figures 3 and 5 illustrate
the visualization of topics alongside their corresponding video
IDs for two such focal groups within the China Uyghur conflict
dataset which are also the two topmost focal structures that
identified as content trap. Similarly, the top two focal structures
that are identified as content traps from Table III are shown
in Figures 7 and 9, which present comparable visualizations
for the Cheng Ho propaganda network, where all the figures
highlight a clear pattern of topics clustering together, suggesting
the presence of attractor content. As a result, this phenomenon
highlights a significant reduction in thematic diversity, where
discourse becomes increasingly concentrated around a limited
set of ideas or contents.

C. Divergence Metrics and Their Role in Identifying Content
Traps
When evaluating the topical consistency within focal struc-

tures for our study, the Jensen-Shannon (JS) and Kullback-
Leibler (KL) divergence metrics played a significant role.
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Figure 6: View count distribution across sorted topics based on
topic uniformity for China-Uyghur data for focal structure
9. Topic 1 has the highest uniformity and higher median
view count. Significant outliers indicate certain videos received
disproportionately high attention, suggesting algorithmic bias
and reinforcing the content trap.

These metrics helped us identify potential content traps
within YouTube’s recommendation system by measuring the
distribution of topics within a focal structure. When a focal
structure exhibits low divergence values, it suggests that the
recommendation algorithm primarily favors a limited set of
topical themes, reinforcing homogeneous content consumption.
In contrast, higher divergence values indicate a broader distri-
bution of topics with less topical uniformity, suggesting a more
diverse range of content and thereby reducing the likelihood of
a content trap. By analyzing these divergence metrics as shown
in Table III, we identified content traps within focal structures.
For instance, Focal Structure 3 for the China—Uyghur conflict
dataset stands out with a relatively higher KL Divergence value
compared to other focal structures, but it also exhibits a much
lower JS Divergence. This combination suggests that although
there may be some degree of variability in topic distribution
as indicated by the KL Divergence, the overall diversity of
topics within this structure remained limited, as evidenced
by the low JS Divergence value. This leads to a content
trap scenario, where a single or attractor topic dominates the
recommendations, restricting the variety of content available
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Figure 7: Network visualization of topics and associated video
IDs, where red nodes represent topics, blue nodes represent
video IDs, and edges denote the association between a video
and its topic within the focal structure number 13 of Chengo
Ho propaganda.

However, not all focal structures with high divergence scores
resulted in content traps. For example, Focal Structure 1 in
the Chengo Ho propaganda dataset exhibited both high KL
and JS Divergence values, indicating that it still maintained
internal topical diversity. This suggests that users exposed to
this focal structure encountered a broader range of content
rather than being constrained to a single dominant theme. As
a result, this type of structure does not reinforce homogeneous
content consumption and thus reduces the likelihood of content
entrapment. By incorporating both cases, our analysis provides
a nuanced understanding of how topical consistency influences
content diversity within focal structures, thereby addressing
our research question RQ2.

D. Role of User Engagement in Reinforcing Homogeneous
Content

In our analysis, topics with higher uniformity exhibited
notable outliers in user engagement metrics such as view
count. In other words, while topics with high topic uniformity
reflected a concentration around a single theme, the engagement
distribution unveiled a more complex pattern, with some videos
receiving disproportionately high attention. User engagement
from the highly uniform topics showed disproportionately high
engagement as well as surpassing the median engagement
level in other topics for certain focal structures. However,
the disproportionate high engagement persisted in most of
the focal structures’ high uniformity topics. This highlights
how high-engagement videos reinforce homogeneous content
consumption by amplifying specific content through the rec-
ommendation algorithm, further promoting uniformity within
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Figure 8: View count distribution across sorted topics based on
topic uniformity for Cheng Ho data for focal structure 13. Topic
0 has the highest uniformity but low median views. Significant
outliers indicate certain videos received disproportionately
high attention, suggesting algorithmic bias and reinforcing
the content trap.

Figure 9: Network visualization of topics and associated video
IDs, where red nodes represent topics, blue nodes represent
video IDs, and edges denote the association between a video
and its topic within the focal structure number 6 of Chengo
Ho propaganda.

topics. Figures 4 and 6 illustrate that topics exhibiting the
highest levels of topic uniformity also showed a greater number
of outliers compared to other topics within the focal structure
for the China—Uyghur conflict network, and Figures 8 and 10
portray a similar kind of pattern in the Cheng Ho propaganda
network as well. This dynamic underscores how engagement
metrics and topic uniformity can significantly boost content
traps, where diversity is limited and users’ exposure to new or
varied content is constrained and thus addressing our research
question RQ3.
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Figure 10: View count distribution across sorted topics based
on topic uniformity for Cheng Ho data for focal structure
6. Topic O has the highest uniformity and higher median
view count. Significant outliers indicate certain videos received
disproportionately high attention, suggesting algorithmic bias
and reinforcing the content trap.

V. CONCLUSIONS AND FUTURE WORK

This study investigated how YouTube’s recommendation
network can give rise to content traps by jointly examining
their structural, semantic, and behavioral properties. Our
analysis shows that focal structures represent highly cohesive
sub-networks that play a central role in maintaining the
overall connectivity of the recommendation graph. Answering
RQ1, we found that the removal of these structures causes
substantial network fragmentation, indicating their importance
as structural attractor groups. Addressing RQ2, topic modeling
and divergence-based analyses demonstrated that several of
these attractors exhibit pronounced topical uniformity, reflecting
limited thematic diversity within the content they promote.
Finally, in response to RQ3, engagement patterns revealed that
videos within the most uniform topics receive disproportion-
ately high user attention, suggesting that user behavior and
algorithmic amplification jointly reinforce these content traps.

The lack of direct comparison with state-of-the-art com-
munity detection and influential node detection methods may
seem to be a limitation of this study. However, prior research
has shown that focal structure analysis outperforms traditional
community and influential node discovery methods [4]. Given
that, it can be posited that focal structure analysis offers better
insights into content traps than traditional methods. Future
work could expand this analysis across other online platforms
which could further provide a deeper understanding of the
dynamics shaping content flow and user engagement.
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