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Abstract—Algorithmic recommendation systems shape user ex-
posure by structuring pathways through content and reinforcing
sustained engagement within specific regions of the network.
Prior work on content traps has primarily emphasized structural
dynamics or isolated content signals, limiting the ability to
measure how multiple forms of influence jointly contribute to
algorithmic entrapment. In this study, we extend the Trapln-
tensity framework by integrating four components: structural
entrapment, measured through attraction and retention dynamics
in recommendation networks; persuasion intensity, derived from
textual signals grounded in four persuasion theories; transcript-
guided keyframe extraction to capture temporally relevant seg-
ments of video content; and social, cultural, economic, and
political cues extracted from those keyframes. Rather than
interpreting higher TrapIntensity scores as stronger trapping in
themselves, we treat TrapIntensity as a measurement construct
and evaluate whether the inclusion of these additional signals
improves its validity. Across fourteen YouTube recommendation-
network datasets, we find that the extended formulation improves
alignment with engagement and more clearly distinguishes top
focal structures from the rest of the network. These findings sug-
gest that measuring content traps requires a joint consideration
of structural exposure, persuasion, and visual-symbolic content
cues.

Index Terms—Persuasion, Symbols, TrapIntensity, YouTube
Recommendation Network, Social Network Analysis, Social Me-
dia.

I. INTRODUCTION

Algorithmic recommendation systems increasingly shape
how users are exposed to and interact with information online.
Platforms such as YouTube construct sequential pathways
through content, influencing not only what users encounter
but also how long they remain engaged. While these systems
facilitate discovery, they also raise concerns about sustained
interaction within specific regions of the network, where users
may be repeatedly exposed to related content [1].

Recent work has conceptualized such phenomena through
the notion of content traps, [1] defined as structurally cohe-
sive regions of recommendation networks that attract users
and retain their navigation over time. Existing approaches to
measuring these dynamics have largely focused on structural
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properties of the network, such as connectivity and traversal
behavior, or on textual signals derived from content. However,
these approaches are typically considered in isolation and
do not fully capture how different forms of influence jointly
contribute to sustained engagement.

In practice, user exposure in video-based environments is
shaped by multiple interacting factors. Structural pathways
determine how users move through the network, persuasion
signals embedded in textual content influence interpretation
and engagement, and visual elements within videos provide
additional cues that may reinforce attention. In particular,
video content contains temporally localized segments and
symbolic imagery that can contribute to sustained interaction
in ways that are not captured by structural or textual signals
alone.

To address this limitation, we extend the Traplntensity
framework by integrating multiple complementary compo-
nents. First, we model structural entrapment through at-
traction and retention dynamics derived from recommenda-
tion networks [2]. Second, we incorporate persuasion signals
grounded in four established theories namely Social Judgment
Theory (SJT), the Elaboration Likelihood Model (ELM), Cog-
nitive Dissonance Theory (CDT), and Narrative Paradigm to
capture how textual content may influence user processing.
Third, we extract temporally relevant segments of video con-
tent using transcript-guided keyframe extraction. Finally, we
extract content-level signals from keyframes by identifying
social, cultural, economic, and political cues present in the
visual content. These cues capture abstract aspects of videos
that may influence user attention and engagement beyond
textual and structural factors.

A key challenge in extending TrapIntensity is how to inter-
pret changes in the resulting scores. Importantly, the inclusion
of additional signals does not imply that recommendation
regions become inherently more trap-like. Rather, it reflects an
expansion of the measurement space, allowing the framework
to capture a broader set of characteristics associated with
sustained engagement. We therefore treat TrapIntensity as a
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measurement construct and evaluate whether incorporating
additional signals improves its validity. Specifically, we assess
whether the extended formulation (i) aligns more closely
with observable behavioral outcomes and (ii) more effectively
distinguishes structurally salient regions from the rest of the
network. We evaluate this framework across twelve YouTube
recommendation-network datasets and show that integrating
structural, persuasive, and visual-symbolic signals leads to a
more comprehensive measurement of content traps.

The rest of the paper is organized as follows. Section II
presents the related work. Research methodology is explained
in Section III. Section IV presents the results and discussions.
Section V concludes the paper with future research directions.

II. RELATED WORKS

Understanding how recommendation systems shape user
exposure and engagement has been a central focus in com-
putational social science. Early work on networked systems
emphasized structural mechanisms such as centrality, con-
nectivity, and community formation, showing how network
topology can influence information flow [3], [4]. In the context
of online platforms, these ideas have been extended to study
how recommendation systems guide user navigation and con-
centrate attention within specific regions of content networks.

Recent studies have examined problematic dynamics such
as echo chambers, filter bubbles, and recommendation-driven
polarization. Empirical evidence suggests that algorithmic cu-
ration can reinforce existing viewpoints and limit exposure to
diverse information, particularly in politically salient domains
[5], [6]. Prior work has also highlighted how recommendation
pathways contribute to the amplification of specific narratives
and sustained engagement patterns [7], [8]. These findings
underscore the importance of analyzing both network structure
and user behavior.

To operationalize such dynamics, recent research has in-
troduced the concept of content traps, defined as structurally
cohesive regions that attract and retain user navigation [2].
This approach builds on methods for identifying influential
groups in networks, including focal structure analysis and
collective influence—based techniques [9], [10]. Random-walk-
based models further enable the estimation of behavioral
dynamics such as attraction and retention, providing a quan-
titative framework for understanding how users traverse rec-
ommendation networks [11].

While structural approaches capture navigation patterns,
they do not fully account for the role of content in shaping en-
gagement. Prior work has therefore incorporated content-level
signals, particularly through the analysis of textual persuasion
using established theories such as SJT [12], the ELM [13],
CDT [14], and Narrative Paradigm [15]. More recently, ad-
vances in video analysis have enabled the extraction of seman-
tically meaningful segments and visual cues. Transcript-guided
methods improve semantic coverage by identifying temporally
relevant portions of video content, while vision—language
models allow the detection of higher-level symbolic signals

from images, capturing abstract concepts such as political or
cultural cues [16].

Despite these advances, existing approaches typically treat
structural and content-based signals separately. As a result,
it remains unclear how different signals jointly contribute
to engagement in recommendation environments. This study
addresses this gap by extending the Traplntensity framework
to incorporate additional content-based signals alongside struc-
tural dynamics, enabling a more comprehensive measurement
of content traps.

III. METHODOLOGY

This study develops an extended measurement framework
for quantifying content trap intensity [1] by integrating struc-
tural, persuasive, and content-based signals within YouTube
recommendation networks. The overall methodology consists
of constructing recommendation graphs, identifying struc-
turally significant groups, estimating attraction and retention
dynamics, extracting persuasion cues from textual content,
extracting higher-level cues from keyframes, and combining
these components into a composite TrapIntensity measure.

We begin by constructing multi-hop recommendation net-
works using recursive crawling of YouTube’s watch-next in-
terface. Each video is represented as a node, and directed
edges capture recommendation relationships [7]. To reduce
sensitivity to initial conditions, multiple seed sets from strati-
fied sampling [17] are used to generate independent network
instances for each dataset.

To identify candidate trap regions, we apply collective in-
fluence focal structure analysis (CI-FSA) [18], which extracts
cohesive groups of nodes that are structurally consequential
within the network. Unlike node-centric approaches, CI-FSA
emphasizes connected sets of videos whose collective position
supports reachability and influence. These focal structures
serve as the unit of analysis for subsequent measurements.

Structural entrapment is operationalized through attraction
and retention dynamics estimated using hop-aware random
walk simulations. Attraction measures how efficiently a ran-
dom walk reaches a focal structure from nearby nodes, while
retention measures how strongly the walk remains within the
structure once entered [2]. These quantities are computed by
initiating walks at varying hop distances and aggregating first-
hitting times and residence behavior. The resulting scores are
normalized and combined to produce a structural entrapment
measure for each focal structure.

To quantify persuasive intensity, we use a Large Language
Model (Gemma3-27B-IT, Modality: Text) procedure grounded
in four persuasion theories: SJT, the ELM, CDT, and Narrative
Paradigm. The model evaluates each video’s title, description,
and transcript separately in order to detect theory-grounded
persuasion cues. To improve consistency and auditability, the
output is constrained to a structured format requiring binary
indicators for the presence of each theoretical cue, supporting
textual evidence, and a brief rationale. We use low-temperature
inference to reduce stochastic variation across runs. Video-
level persuasion scores are computed by aggregating detected
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Fig. 1. Relationship between Traplntensity and engagement across datasets for structural and keyframe-augmented formulations. Incorporating keyframe-based
signals improves alignment with engagement, highlighting the role of temporally salient content segments beyond structural dynamics.

cues across fields, and focal-structure-level persuasion inten-
sity is then obtained by averaging these scores across the
videos belonging to each focal structure.

To incorporate visual content signals, we first extract
representative frames from videos using a transcript-guided
keyframe selection approach [19]. This method treats tran-
scripts as a temporal index of semantic relevance, enabling the
identification of segments that correspond to meaningful con-
tent rather than relying solely on visual changes. Transcripts
are partitioned into overlapping temporal windows and scored
using a hybrid relevance function that combines semantic
similarity and keyword matching. High-relevance segments are
aggregated into intervals, from which representative frames
are extracted. This process preserves semantically important
portions of videos while reducing redundancy, allowing for
efficient downstream analysis.

We then analyze the extracted keyframes to quantify higher-
level content signals by identifying social, cultural, economic,
and political cues present in the visual content. Rather than
focusing on object-level detection, we use a vision-language
model (Gemma3-27B-IT, Modality: Image + Text) to interpret
frames at a conceptual level, guided by a domain-informed
prompting framework. The model produces structured binary
indicators for each cue category, enabling consistent and inter-
pretable measurement across videos. To ensure reproducibil-
ity, inference is performed under low-temperature settings,
reducing variability across runs. These cue-based signals are
computed at the video level and aggregated across focal
structures.

The final TrapIntensity measure is constructed by combin-
ing normalized structural and content-based components. We
evaluate incremental formulations that progressively incorpo-
rate persuasion and keyframe-derived cues alongside struc-
tural entrapment. In addition to equal-weight combinations,
we use Cliff’s delta [20] to derive context-sensitive weights
for the structural, persuasion, and symbol-based cue compo-
nents. Specifically, we compute separability between high-
intensity focal structures and the remaining focal structures
for each component, transform the absolute Cliff’s delta values
into normalized weights, and use these weights to construct
weighted Traplntensity variants. This allows the contribution
of each component to vary across datasets according to its
empirical discriminative strength.

IV. RESULTS AND ANALYSIS

We evaluate the extended Traplntensity formulation by
examining how progressively incorporating additional signals
affects its relationship with engagement and its ability to dis-
tinguish structurally salient regions within the network. Across
the fourteen datasets, the structural and persuasion formulation
(SP) provides a baseline level of association with engagement,
reflecting how network topology and textual persuasion jointly
shape user navigation and attention. This baseline captures
how users are guided into and retained within specific regions
of the recommendation graph.

The inclusion of keyframe-derived content signals leads to
consistent improvements in alignment with engagement met-
rics, as illustrated in Figure 1. Compared to the structure-and-
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Fig. 2. Comparison of Traplntensity formulations with the inclusion of content-level cues extracted from keyframes, including social, cultural, economic, and
political signals. The extended formulation shows the strongest alignment with engagement, indicating that these cues enhance the measurement of trap-relevant

characteristics.

persuasion formulation, the extended variant exhibits stronger
and more consistent trends across datasets. By focusing on
transcript-aligned segments of video content, the keyframe
representation captures temporally salient portions of videos
that are more likely to influence user interaction. This sug-
gests that engagement is not uniformly distributed across
entire videos, but is often driven by semantically meaningful
segments. As a result, incorporating keyframe-based content
signals provides a more precise representation of user exposure
than structure-and-persuasion measures alone.

Further improvements are observed when social, cultural,
economic, and political cues extracted from keyframes are
incorporated. As shown in Figure 2, this formulation yields
the strongest alignment with engagement across most datasets.
These higher-level cues capture properties of the content itself,
such as politically or culturally salient imagery, that are not
reflected in structural dynamics or textual persuasion alone.
Their contribution suggests that visual content plays an impor-
tant role in sustaining user attention within recommendation
pathways.

Importantly, these improvements should not be interpreted
as evidence that the network becomes more trap-like with the
inclusion of additional signals. Rather, incorporating content-
level features expands the measurement space, allowing Trap-
Intensity to capture a broader set of characteristics associated
with sustained engagement. From this perspective, increases in
TrapIntensity reflect improvements in measurement sensitivity
rather than direct increases in trapping.

To further examine how different signals contribute to the
extended formulation, we analyze the dominant weight as-
signed to each component across datasets. Table I summarizes

TABLE I
DOMINANT SIGNAL CONTRIBUTING TO TRAPINTENSITY ACROSS
DATASETS.
Dataset Dominant Signal
China Sample 3 Symbols
US Sample 3 Structural
China Nonviral Structural
US Sample 1 Structural
China Sample 2 Structural
US Nonviral Structural
Taiwan Sample 1  Persuasion
China Viral Symbols
China Sample 1 Persuasion
Taiwan Nonviral Persuasion
Taiwan Sample 3  Persuasion
Taiwan Sample 2 Structural

whether the dominant signal is structural, persuasion-based, or
symbolic. Structural signals dominate in a majority of datasets,
indicating that network topology remains a primary driver
of entrapment dynamics. However, persuasion signals emerge
as dominant in several cases, particularly in Taiwan-related
datasets, suggesting that textual framing and narrative cues
can play a significant role in shaping engagement. Notably,
symbolic signals dominate in specific datasets such as China
Sample 3 and China Viral, indicating that visual-symbolic
content can substantially contribute to sustained attention in
certain contexts.

This distribution highlights that content trap dynamics are
not governed by a single factor, but instead emerge from the
interplay between structural exposure, persuasive framing, and
symbolic content. The variation across datasets further indi-
cates that the relative importance of these signals is context-
dependent. In some cases, structural cohesion dominates, while
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in others, persuasion or symbolic cues play a more prominent
role in sustaining engagement.

In addition to alignment with engagement, we evaluate the
ability of the extended formulation to distinguish between top
focal structures and the rest of the network. A valid measure
of content traps should assign systematically higher scores
to structurally salient regions. Across datasets, the extended
formulation produces clearer separation between these groups
compared to simpler variants, indicating improved discrimina-
tive power.

Taken together, these results suggest that content trap dy-
namics cannot be fully explained by structural properties
alone. While network topology determines how users navigate
between videos, the characteristics of the content encountered
along these pathways also play a crucial role in sustaining
engagement. The contribution of keyframe-based signals high-
lights the importance of temporal concentration within videos,
while the contribution of symbolic cues underscores the role
of abstract visual content in reinforcing attention.

Overall, the extended TrapIntensity formulation should be
interpreted as a more comprehensive measurement of trap-
relevant characteristics. A richer formulation is preferable not
because it yields larger scores, but because it better aligns
with observable indicators of sustained attention and more
effectively distinguishes salient regions within the network.

V. CONCLUSION AND FUTURE WORK

In this work, we extend the Traplntensity framework by in-
corporating additional content-level signals derived from video
data, including keyframe-based representations and symbolic
cues extracted from visual content. Our objective is not to
increase the magnitude of Traplntensity scores, but to improve
the measurement of content traps by capturing a broader set of
characteristics associated with sustained user engagement. A
central takeaway of this study is that the inclusion of additional
signals should not be interpreted as making recommendation
regions inherently more trap-like. Instead, these signals expand
the measurement space, enabling the framework to capture
aspects of user exposure not reflected in structural dynamics
alone. From this perspective, improvements in TrapIntensity
indicate enhanced measurement sensitivity rather than in-
creased trapping.

We evaluate the extended formulation along two comple-
mentary dimensions. First, we observe stronger alignment
between TrapIntensity and engagement metrics across datasets,
suggesting that the additional signals capture factors asso-
ciated with sustained user attention. Second, we find that
the extended formulation produces clearer separation between
top focal structures and the rest of the network, indicating
improved discriminative power. Together, these results support
improved construct validity.

Despite these findings, several limitations remain. Engage-
ment metrics such as views and likes serve as observational
proxies and do not directly capture user-level exposure tra-
jectories. The content-level cues extracted from keyframes,
including social, cultural, economic, and political signals,

depend on model assumptions and prompting strategies, which
may introduce bias. In addition, our analysis operates at the
focal-structure level and does not explicitly model individual
user behavior or temporal viewing sequences, limiting causal
interpretation. Future work may address these limitations by
incorporating user-level interaction data, validating symbolic
signals through human annotation or alternative extraction
methods, and exploring additional modalities and adaptive
weighting schemes.

More broadly, this work highlights the importance of treat-
ing content traps as a sociotechnical phenomenon shaped by
both network structure and content characteristics. A richer
Traplntensity formulation should therefore be considered more
valid, not because it yields larger scores, but because it better
aligns with observable behavioral patterns and more effectively
distinguishes salient regions within the network.
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