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Abstract

AI-driven recommendation systems increasingly influence
how people discover and consume online content. Under-
standing how these systems shape user navigation has there-
fore become an important research problem. YouTube’s
recommendation algorithm, which drives nearly 70% of
watch time on the platform, acts as a continuous interme-
diary between users and the content they encounter. In this
study, we apply Weighted Focal Structure Analysis (WFSA)
to YouTube recommendation networks, introducing edge
weights based on recommendation rank and depth to reflect
how recommendation hierarchy influences network struc-
ture. Using datasets drawn from the 2024 Taiwan presiden-
tial election and the 2025 U.S. tariff expansion, we construct
weighted recommendation graphs and extract focal structures
using both FSA and five WFSA variants. Our results show
that WFSA consistently identifies smaller, more tightly con-
nected, and structurally influential groups than FSA does.
Network resiliency experiments show that removing WFSA
focal structures causes greater network fragmentation and
connectivity loss. Among the evaluated weighting schemes,
WFSA4 (linear rank decay, inverse depth decay with count-
weighted aggregation) most effectively captures structurally
critical groups. These findings suggest that recommendation
hierarchy plays an important role in shaping which groups of
content become influential within recommendation networks.

Introduction
Across the modern web, AI-driven recommendation systems
have become primary intermediaries between people and the
information they encounter. Rather than users actively seek-
ing out content, algorithmically curated platforms increas-
ingly decide what appears next, ultimately shaping atten-
tion, directing navigation, and playing a significant role in
how people form views and consume news. YouTube, which
operates in more than 100 countries and supports over 80
languages, is one of the most widely used platforms of this
kind and the world’s second-most-visited social media site
(WordStream 2026). Studies estimate that nearly 70% of
YouTube watch time is driven by automated recommenda-
tions (Institute for Strategic Dialogue 2024). This means the
recommendation algorithm is not a neutral suggestion mech-
anism; it is an active participant in the human experience
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of the platform, continuously making decisions about which
content pathways users are likely to follow.

Since recommendations connect videos through succes-
sive viewing paths, the system can be modeled as a rec-
ommendation graph capturing content linkage and informa-
tion flow. These algorithms may also produce structural pat-
terns that repeatedly guide users toward similar content, a
phenomenon known as content traps (Bhuiyan and Agar-
wal 2025), making it important to study how such structures
shape AI-human interaction.

Prior work (Bhuiyan and Agarwal 2025) addressed this
by applying Focal Structure Analysis (FSA) to extract influ-
ential groups from the recommendation networks and exam-
ine their thematic consistency. However, the traditional FSA
framework assumes an unweighted network and treats all
the recommendation links equally. In YouTube’s recommen-
dation hierarchy, this assumption does not account for be-
havioral signals. At the same recommendation depth, videos
near the top of the list attract more user attention and are
more likely to be clicked, while those lower in the list are
less likely to be selected. In addition, videos closer to the
seed video in the recommendation chain are more likely to
be explored by users, whereas those farther away tend to re-
ceive less attention. Ignoring these differences may lead to
an incomplete understanding of how algorithmic structure
shapes human navigation behavior.

To address this limitation, we extend the application of
Weighted Focal Structure Analysis (WFSA) to YouTube rec-
ommendation networks by introducing edge weights derived
from recommendation rank and depth, signals specific to
the hierarchical logic of AI-driven recommendation systems
that have not been explored in prior WFSA work. Unlike tra-
ditional approaches that treat all connections equally, WFSA
explicitly embeds the hierarchical logic of AI-driven recom-
mendation systems into network analysis. By doing so, it en-
ables the identification of influential groups shaped not only
by structural connectivity but also by algorithmic content
prioritization. This work bridges the gap between network-
based influence analysis and the hierarchical structure of AI
recommendation systems, providing a more realistic repre-
sentation of how influence emerges in algorithmically cu-
rated environments.

Using this framework, we systematically compare focal
structures extracted by FSA and multiple WFSA variants to



understand how weighting affects the identification of in-
fluential groups and the structural resilience of the recom-
mendation networks. This study investigates the following
research questions:
• RQ1: Which focal structures (or focal sets), identified by

FSA or WFSA, are more structurally important in the
network?

• RQ2: Which approach, FSA or WFSA, leads to greater
network disruption when its focal structures are re-
moved?

• RQ3: Among multiple WFSA schemes, which weighting
scheme performs the best?

Understanding these structural patterns is important for
studying how recommendation systems guide user naviga-
tion and shape information pathways in algorithmically cu-
rated platforms. Through the proposed WFSA framework
and comparative analysis, this study provides insights into
how recommendation hierarchy influences the identification
of structurally influential groups and how these groups af-
fect the connectivity of recommendation networks. The re-
mainder of this paper is organized as follows. The litera-
ture review summarizes relevant prior research, followed by
the background and data collection sections, which describe
the discourses represented in the datasets and outline the
data collection process. The methodology and results sec-
tions then present the research approach and key findings.
Finally, the paper discusses the implications of these find-
ings and concludes with limitations and directions for future
work.

Literature Review
Early research on influence in networks primarily focused
on identifying important individual nodes. Classical cen-
trality measures such as degree, betweenness, and close-
ness centrality have been widely used to quantify the struc-
tural importance of nodes within a network (Freeman 1978).
These metrics evaluate how well a node is connected, how
frequently it lies on shortest paths between other nodes,
and how close it is to the rest of the network. With the
growth of large-scale online networks, recursive ranking al-
gorithms such as PageRank (Brin and Page 1998) and HITS
(Kleinberg 1999) became widely adopted to capture influ-
ence based on link structures, modeling importance as a re-
cursive process in which a node’s significance depends on
the significance of nodes linking to it.

Although node-level measures are useful for identifying
prominent actors, influence in many social systems often
emerges through groups of coordinated nodes rather than
isolated individuals. To capture this group-level structure,
researchers introduced community detection methods that
aim to identify clusters of nodes with dense internal connec-
tions and relatively sparse external links (Bedi and Sharma
2016). Methods such as modularity optimization and the
Louvain algorithm have been widely used to reveal com-
munity structure in large networks. However, communities
are often large and heterogeneous, and therefore may not al-
ways represent the smaller sets of actors that drive influence
or coordination within a network.

To address this limitation, Focal Structure Analysis (FSA)
was proposed to identify small, structurally cohesive groups
of nodes that exert collective influence within a network
(Sen et al. 2012; Şen et al. 2016). Unlike community detec-
tion approaches that identify broad clusters, FSA focuses on
compact groups that are both internally cohesive and strate-
gically positioned within the network. These focal structures
capture coordinated sets of nodes that can significantly influ-
ence the network’s connectivity and information flow. Prior
research has applied FSA to various types of social networks
to identify influential subgroups and examine how their re-
moval affects network stability.

More recently, FSA has been applied to recommenda-
tion networks to study content traps in algorithmically cu-
rated platforms. Bhuiyan and Agarwal (Bhuiyan and Agar-
wal 2025) demonstrated how recommendation pathways
can guide users toward groups of closely related videos
that repeatedly reinforce thematically similar content, effec-
tively narrowing the diversity of information that users en-
counter. These findings highlight how recommendation net-
work structures can influence the pathways through which
users encounter content and may contribute to the forma-
tion of content traps. Researchers studying YouTube’s rec-
ommendation system have observed similar problems with
how recommendations are structured (Ribeiro et al. 2020).

Researchers have also examined broader dynamics of al-
gorithmic recommendations. Modern systems rely on com-
plex ranking architectures guiding users through sequential
recommendations (Covington, Adams, and Sargin 2016),
and YouTube’s system can gradually push users toward spe-
cific content types, narrowing information diversity (Cak-
mak, Agarwal, and Oni 2024). Studies show that ranked
presentation disproportionately affects user attention and
engagement (Joachims et al. 2007; Craswell et al. 2008),
and algorithmic curation has been linked to filter bubbles
and narrower information exposure (Pariser 2011; Bakshy,
Messing, and Adamic 2015), reinforcing the need to account
for hierarchical signals in recommendation network analy-
sis.

Despite these advances, most existing studies apply fo-
cal structure analysis using unweighted network represen-
tations. In recommendation systems, however, connections
between nodes are not uniform. Recommendation links vary
in importance based on rank and navigation depth, both of
which directly affect the likelihood that a human user will
follow a given path. Ignoring these signals may cause anal-
ysis to miss the patterns through which AI systems concen-
trate structural influence.

Recent work has extended FSA to weighted networks un-
der the Weighted Focal Structure Analysis (WFSA) frame-
work. Falade and Agarwal (Falade and Agarwal 2026) intro-
duced WFSA to detect toxic focal structures in social net-
works by using toxicity-weighted edges, thereby improving
the detection of influential groups. Subsequent work further
applied WFSA to toxicity propagation modeling (Falade and
Agarwal 2025b) and optimized the selection of focal toxic
structures using integer programming (Falade and Agarwal
2025a). However, none of these works have applied WFSA
to recommendation networks, in which edge weights are de-



rived from hierarchical signals embedded in the recommen-
dation system itself, namely, rank position and navigation
depth.

To address this gap, we extend the traditional Focal Struc-
ture Analysis (FSA) framework by introducing a Weighted
Focal Structure Analysis (WFSA) approach that incorpo-
rates edge weights derived from recommendation rank and
depth. By systematically comparing focal structures identi-
fied using FSA and multiple WFSA variants, this study ex-
amines how recommendation hierarchy influences the iden-
tification of influential groups within recommendation net-
works. Therefore, the work provides insight into how hier-
archical signals embedded in AI recommendation systems
shape the structural properties of recommendation pathways
and which content groups become structurally influential.

Background and Data Collection
We provide essential context for the discourses from which
the data are collected. The datasets used in this study are
drawn from two major political and economic topics that
generated substantial online discussion: the 2024 Taiwan
presidential election and the expansion of U.S. tariff poli-
cies in early 2025. Both events received significant global
media coverage and sparked extensive conversations on so-
cial media platforms, making them suitable contexts for an-
alyzing recommendation network structures in which algo-
rithmic systems influence how users navigate and encounter
information.

2024 Taiwan Presidential Election: The Taiwanese pres-
idential election held on January 13, 2024, was a signifi-
cant political event that attracted widespread domestic and
international attention. The election featured three main can-
didates representing different political positions regarding
Taiwan’s governance and its relationship with mainland
China. Lai Ching-te of the Democratic Progressive Party
(DPP) supported maintaining Taiwan’s existing autonomous
status, while Hou Yu-ih of the Kuomintang (KMT) ad-
vocated closer cross-strait engagement. The election pe-
riod generated extensive public discussion across online
platforms, where political commentary, campaign messag-
ing, and election-related information circulated widely (Gan
2024).

Tariff Expansion 2025: In early 2025, the United States
introduced a series of tariff increases on imported goods as
part of a broader shift in trade policy. Tariff rates on several
categories of products were raised, in some cases reaching
approximately 10%–25% (Lawder and Shalal 2025). These
policy changes quickly became a subject of public and eco-
nomic debate, particularly regarding their potential effects
on consumer prices, supply chains, and international trade
relations. As a result, the topic generated substantial media
coverage and online discussions, making it a relevant con-
text for examining recommendation network dynamics.

Data Collection
The data for this study were collected from YouTube across
three discourse domains: Tariff (US), Tariff (China), and the

Table 1: Keywords used to identify seed videos

Discourse Keywords

Tariff China 川普, 關稅, chinatariff, 經濟, 國際稅收,
美國稅收制度, 川普政府, 關稅政策,
相互關稅, 자동차관세, 트럼프관세, 관세
영향, 川普總統, 川普的四年是一場惡夢,
川普關稅, 美元, 관세, 트럼프, 王牌,
ChinaSanctions, ChinaTariff, ChinaTar-
iffHike, ChinaTariffs, ChinaTradeWar,
ChinaUSAtradeWar, ChinaUSTradeWar,
ChinaUSTradesWar, ChinaWarning, Chi-
naWarns, Chinatariffs, ChineseTariffs,
chinatariffnews, chinatariffs, chinatariff-
sonus, chinesetariffs

Tariff US TradeWar, TrumpTariffs, TariffImpact,
TradeWars, TradeNegotiations, USChina-
Trade, PriceHikes, TariffWar, TariffThreat,
EconomicCrisis, EconomicImpact, Liber-
ationDay, AmericaFirst, Tariff surcharge,
Sticker shock, Price creep, Re-ticketing,
Fashion tariff, Electronics cost, Food prices,
Shipping fees, Supply chain whipsawing,
Margin compression, Landed costs, Empty
shelves, Operational uncertainty, Hidden
tax, Economic coercion, Trade war chaos,
Regressive tax effects, Constitutional over-
reach, and Economic weapons

Taiwan DemocraticProgressiveParty, DPP,
KoWenje, KuomintangParty, kuomingtang,
Kuomintang, LaiChingte, LegislativeYuan,
Mygopen, NewPowerParty, prayfortai-
wan, SpeakOutDontFight, TaiwanElection,
taiwanelection2024, TaiwanElections, tai-
wanisacountry, taiwanisnotapartofchina,
taiwanisnotchina, TaiwanPresidentialElec-
tion2024, TsaiIng-wen, votefortaiwan,
whiteterror, WilliamLai, YouXikun, 民進,
蔣介石, 中國國民黨, 侯友宜, 台灣立法
院選, 台灣總統選, 台灣大選, 台灣民黨,
台灣總統大選2024, 國民黨, 民主進, 白色
恐怖, 立委選, 總統大選, 蔡英文, 蕭美琴,
賴德,選前之夜



Taiwan presidential elections. For each discourse, we con-
structed a recommendation network starting from a set of
seed videos. To ensure broad and representative coverage of
each topic, seed videos were selected using three sampling
strategies: viral videos, non-viral videos, and three randomly
selected sample sets. As a result, five datasets were con-
structed for each discourse domain: viral, non-viral, sample
1, sample 2, and sample 3.

Seed videos were identified using keyword lists carefully
selected by reviewing the newspaper articles covering these
discourses (Boak and Sanchez 2025; Lawder and Shalal
2025; Gan 2024). The keywords are presented in Table 1.
These keywords were used to retrieve videos that were rel-
evant to each discourse while minimizing unrelated content.
For each discourse domain, 50 seed videos were selected.
Starting from each seed video, we collected YouTube rec-
ommendations using a breadth-first crawling process. The
crawler expanded the recommendation network up to 5 lev-
els (hops), retrieving at most 5 recommendations from each
video at each expansion level. Limiting the crawl to five hops
allowed us to capture the hierarchical structure of the recom-
mendation network while maintaining computational feasi-
bility.

The data collection process yielded 15 recommendation
networks across the three discourse domains. Each record
in the resulting dataset contains the root video identifier, the
recommended video identifier, the depth level of the recom-
mendation within the crawl, and the rank position of the rec-
ommended video at that depth. No personally identifiable
information (PII) was collected during this process.

Table 2: Node and edge counts of the 15 recommendation
graphs constructed across three discourse domains.

S.N Dataset Nodes Edges

1 China non-viral sample 8,198 14,520
2 China viral sample 11,880 19,504
3 China sample 1 6,552 12,659
4 China sample 2 7,692 14,894
5 China sample 3 9,379 17,638
6 Taiwan non-viral sample 7,542 13,433
7 Taiwan viral sample 6,439 13,436
8 Taiwan sample 1 7,850 14,816
9 Taiwan sample 2 9,653 17,983

10 Taiwan sample 3 9,480 17,541
11 US non-viral sample 5,313 9,442
12 US viral sample 10,665 20,513
13 US sample 1 8,644 16,956
14 US sample 2 9,291 19,981
15 US sample 3 9,388 19,695

Methodology
This section describes the methodology followed in this
study. First, data were collected from YouTube and used
to construct recommendation networks for the selected dis-
course domains. After building the recommendation graphs,
edge-weighting schemes based on recommendation rank

and depth were applied to generate weighted networks.
Next, focal structures (FS) were extracted from both the un-
weighted and weighted graphs using FSA and WFSA ap-
proaches. The structural properties of the focal structures
identified by each method were then analyzed and com-
pared. Finally, a network resiliency assessment (Bhuiyan,
Shajari, and Agarwal 2025) was conducted to evaluate the
impact of removing these focal structures on the connectiv-
ity and stability of the recommendation networks. Figure 1
represents the overall research methodology followed.

Weighted Recommendation Graph Construction
The construction of the unweighted recommendation graph
is relatively straightforward: duplicate edges between the
same source node (A) and target node (B) are removed to
maintain a clean structure. However, treating all recommen-
dation links equally overlooks important signals that shape
users’ experience of the platform. In practice, recommen-
dation systems present content in a ranked and structured
manner, where factors such as position and depth affect user
exposure and engagement. Ignoring these factors can lead
to an incomplete representation of the recommendation pro-
cess.

To address this, weighted recommendation graphs are
constructed by assigning edge weights based on the mech-
anisms described in this section. This weighted representa-
tion forms the basis for the proposed Weighted Focal Struc-
ture Analysis (WFSA), enabling a more realistic modeling
of recommendation pathways and their structural influence.
Table 2 summarizes the resulting recommendation graphs,
including the number of nodes and edges in each network,
providing insight into their overall size.

In YouTube’s recommendation system, both rank and
depth carry meaningful behavioral information. Recommen-
dations appearing at higher ranks (e.g., rank = 1) are typi-
cally more visible to users and therefore more likely to be
clicked. Recommendations appearing farther from the seed
video correspond to longer navigation paths that users are
unlikely to follow. Treating all edges equally, therefore, ig-
nores the hierarchical nature of the recommendation pro-
cess. Because the recommendation system orders videos and
structures recommendation chains, videos placed higher in
the list and closer to the seed video tend to receive greater
user attention, which in turn affects which content becomes
structurally influential within the recommendation network.

To incorporate these signals, we extend the recommen-
dation graph by assigning edge weights based on rank and
depth. The weighting scheme is designed to approximate re-
alistic user navigation behavior:

• Users are more likely to click recommendations appear-
ing at higher ranks (rank 1, rank 2, rank 3, etc.).

• The visibility of recommended videos decreases as the
depth in the recommendation chain increases, since users
rarely navigate far along multi-hop recommendation
paths.

By incorporating both rank and depth into the weight-
ing scheme, the resulting weighted graph better reflects the



Figure 1: Methodology pipeline for FSA and WFSA-based focal structure extraction and evaluation.

structural importance of recommendation pathways and pro-
vides a more realistic representation of how users traverse
the AI-driven recommendation system.

Rather than assuming a single correct model of user atten-
tion decay, we explore multiple functional forms to examine
how different approximations of hierarchical navigation be-
havior affect the identification of focal structure. This explo-
ration is motivated by position-bias research demonstrating
that user attention decreases with rank position (Joachims
et al. 2007; Craswell et al. 2008), while the specific func-
tional forms, exponential and linear for rank, exponential
and inverse for depth, represent a range of common decay
behaviors from aggressive to gradual. The relative perfor-
mance of these schemes is then evaluated empirically, with
the results determining which approximation most effec-
tively captures structurally influential groups. Specifically,
we explored several weighting strategies based on different
combinations of rank and depth decay functions.

1. Exponential–Exponential Decay
In this approach, both rank and depth importance de-
crease exponentially.

Rwt = e−(rank−1) (1) Dwt = e−(depth−1) (2)

2. Exponential–Inverse Decay
In this approach, rank importance decreases exponen-
tially, while depth importance decreases inversely.

Rwt = e−(rank−1) (3) Dwt =
1

depth
(4)

3. Linear–Inverse Decay
In this approach, rank importance decreases linearly,
while depth importance decays inversely.

Rwt = 1− rank − 1

maxrank
(5) Dwt =

1

depth
(6)

After computing the rank and depth weights, the final
edge weight is calculated using two alternative aggregation
strategies.

w =

∑
(RwtDwt)∑
(Rwt)

(7) w =

∑
(RwtDwt)

Total occurrence
(8)

These aggregation strategies allow the weighting process
to account for both the strength of individual recommenda-
tion links and the frequency with which a recommendation
pair appears in the dataset.

FSA
Focal Structure Analysis (FSA) is a social network anal-
ysis technique that identifies small, influential groups of
nodes, known as focal structures, that exert collective im-
pact within a network (Sen et al. 2012; Şen et al. 2016). In
contrast to methods centered on individual centrality scores
or large community partitions, FSA isolates compact subsets
of nodes that are tightly connected and strategically embed-
ded within the network. In this study, we adopt the bi-level
optimization-based FSA framework proposed by Alassad et
al., (Alassad, Hussain, and Agarwal 2019). By prioritizing
both group-level influence and internal cohesiveness, FSA
reveals clusters that function as effective units rather than
relying on the power of single actors. These focal structures
are particularly useful for studying information spread, be-
havioral dynamics, and structural weaknesses in social and
recommendation networks.

WFSA
WFSA is an extended version of FSA designed for weighted
recommendation networks. In this setting, the edge weights
represent the relative importance or strength of connections
between nodes, and therefore contribute directly to the iden-
tification of focal structures. By incorporating weights into
the analysis, WFSA can identify influential subgroups not
only by their structural position but also by the magnitude
of their influence on recommendations.

In the unweighted FSA framework, the bi-level optimiza-
tion treats all edges as binary connections when evaluating
both group cohesion and network influence. In WFSA, these
binary connections (0/1) are replaced by a weighted value
(0-1) derived from the rank- and depth-weighting schemes
described above. The cohesion objective is therefore com-
puted over weighted internal connections, giving greater im-
portance to edges that represent high-probability naviga-
tion paths. Similarly, the influence objective evaluates the
weighted connectivity between the focal set and the broader
network, prioritizing groups whose members are connected
to the rest of the network via high-weight edges. As a result,
WFSA tends to select nodes that are not merely structurally
connected but are connected through pathways that users are
most likely to follow, reflecting the hierarchical logic em-
bedded in the AI recommendation system.

Jaccard Similarity
The Jaccard similarity measures the similarity between two
sets by computing the ratio of the size of their intersection
to the size of their union (Bag, Kumar, and Tiwari 2019).
In this study, it was applied to compare the sets of nodes



present in focal structures extracted by the FSA and all five
WFSA methods. A higher Jaccard similarity value indicates
that both methods identify largely overlapping focal struc-
tures, while a lower value indicates that the methods capture
different groups of nodes. This measure allows us to assess
whether FSA and the different WFSA methods identify sim-
ilar or distinct focal structures within the recommendation
network.

For any two focal structures A and B, the Jaccard Simi-
larity is calculated by:

J(A,B) =
|A ∩B|
|A ∪B|

(9)

Where |A∩B| refers to the common nodes of A and B, while
|A ∪B| refers to the total number of unique nodes of A and
B.

Structural Properties
To understand how different focal structure extraction meth-
ods influence the resulting groups, we examine key struc-
tural properties of the extracted subgraphs. These include
measures such as average degree, clustering coefficient, cen-
trality, and modularity, which describe how nodes and edges
are organized.

These properties help reveal how tightly connected the
identified groups are and how they are positioned within
the overall network. In recommendation networks, they also
provide insight into how information pathways are struc-
tured and how influence may spread. By comparing these
properties across methods, we can better understand how
each approach captures influential groups and their impact
on overall network structure.

We examine four structural properties of the extracted
subgraphs. Nodes and Edges describe the size and connec-
tivity of the network. Average degree (2E/N for undirected
graphs) captures how well-connected the typical node is.
Average clustering coefficient (ranging from 0 to 1) mea-
sures the tendency of nodes to form tightly connected lo-
cal neighborhoods. Average betweenness centrality captures
how frequently a node lies on shortest paths between other
nodes, reflecting its role as a structural intermediary. Mod-
ularity measures the strength of community structure, with
higher values indicating well-defined internal clusters.

Network Resiliency Metrics
To evaluate the structural robustness of the recommendation
networks, we perform targeted node removals based on the
focal sets identified by FSA and the five WFSA variants. For
each focal set detected by either method, all nodes in that set
are removed from the network, along with their associated
edges. After the removal, we measure how the network’s
connectivity changes using several resiliency metrics.

This process allows us to assess how removing different
influential groups affects the integrity of the recommenda-
tion network. By comparing the resulting structural changes
across methods, we can evaluate which focal structures play
a more critical role in maintaining network connectivity. The
following metrics are computed on the resulting network af-
ter the focal sets have been removed.

Isolated Nodes and Cluster Analysis: An isolated node
is a node with no edges connecting it to other nodes. After
removing a focal set, we count the number of nodes that
become isolated. A large number of isolated nodes indicates
that removing the focal set has caused many nodes to lose
all their recommendation connections. In such cases, these
nodes are no longer reachable from the rest of the network,
suggesting a disruption in information flow.

We also examine how the network fragments into discon-
nected clusters after the focal sets are removed. Besides the
main connected component, the number of smaller discon-
nected clusters is counted. Each cluster represents a group
of nodes that remain internally connected but are no longer
connected to the rest of the network. A larger number of such
clusters indicates greater fragmentation of the network, sug-
gesting that the removed focal set acted as a structural bridge
connecting different regions of the network.

Connectivity Loss: Connectivity Loss (CL) measures the
reduction in the size of the largest connected component af-
ter removing a set of nodes, normalized by the number of
nodes removed. It is defined as:

CL =
|LCC(G)| − |LCC(G \ S)|

|S|
(10)

where LCC(G) represents the size of the largest con-
nected component in the original network, LCC(G\S) rep-
resents the size of the largest connected component after re-
moving the node set S, and |S| is the number of removed
nodes.

Connectivity loss quantifies the average impact of each re-
moved node on the network’s overall connectivity. A higher
CL value indicates that, on average, each removed node
causes a larger reduction in the size of the largest connected
component, suggesting greater structural importance of the
removed group. This metric is particularly useful when com-
paring focal sets of different sizes because it measures the
average impact per removed node rather than the total re-
duction in connectivity.

Results and Analysis
We compare focal structures extracted by unweighted FSA
and WFSA across structural property comparisons and net-
work resiliency experiments to evaluate how weighting rec-
ommendation edges by rank and depth alters structural im-
portance and network stability.

Recommendation Graph Construction and Weight
Analysis
We first constructed the recommendation networks by con-
necting each source–target video pair and removing dupli-
cate edges, yielding unweighted recommendation graphs.
To better capture the hierarchical nature of YouTube rec-
ommendations, we applied the proposed weighting schemes
to compute edge weights based on recommendation rank
and depth. This process produced weighted recommenda-
tion graphs that preserve the structural connections between
videos while incorporating the relative importance of rec-
ommendation links.



Table 3: Rank weighting, depth weighting, and aggregation configurations for the five WFSA variants.

Method Rank Weighting Depth Weighting Aggregation

WFSA1 Exponential decay Exponential decay Count weighted
WFSA2 Exponential decay Exponential decay Rank weighted
WFSA3 Exponential decay Inverse decay Count weighted
WFSA4 Linear decay Inverse decay Count weighted
WFSA5 Linear decay Inverse decay Rank weighted

Since multiple weighting strategies and aggregation
schemes were introduced, we examined the resulting weight
distributions to understand how the weighting approaches
behave in practice. Histograms were generated for each
weighting method across all datasets to observe the distribu-
tion of edge weights. During this analysis, we found that two
approaches: (1) exponential rank decay with inverse depth
decay using rank-weighted aggregation and (2) linear rank
decay with inverse depth decay using the same aggregation
rule, produced nearly identical weight distributions across
all datasets. Because both methods behaved almost identi-
cally, the exponential rank-decay-inverse-depth-decay-rank-
weighted approach was removed from subsequent experi-
ments. The remaining weighting schemes were retained and
labeled WFSA variants for subsequent comparative analy-
sis, as summarized in Table 3.

Comparison of Focal Structures
After extracting focal structures using both FSA and the
WFSA variants, we examined whether the two approaches
identify similar sets of nodes within the recommendation
networks. To evaluate this, we computed the Jaccard simi-
larity between the top five focal structures detected by FSA
and those identified by each WFSA method across all 15
datasets.

The resulting similarity scores show a strong concentra-
tion near zero, indicating that FSA and the WFSA vari-
ants typically identify different focal structures within the
same network. As illustrated in Figure 2, only a small frac-
tion of comparisons fall within the higher similarity range,
suggesting that exact or near-identical overlaps between the
focal structures extracted by the two approaches are rel-
atively rare. This observation indicates that incorporating
edge weights substantially changes which nodes are iden-
tified as focal structures. This result suggests that the struc-
tural influence of content in recommendation networks can-
not be fully understood without considering the hierarchical
signals embedded in algorithmic ranking. While FSA iden-
tifies influential groups based solely on structural connectiv-
ity, WFSA additionally considers the strength of recommen-
dation relationships derived from rank and depth informa-
tion. As a result, WFSA tends to highlight different sets of
nodes that better capture the hierarchical influence patterns
embedded within recommendation systems.

In the context of algorithmically curated platforms such
as YouTube, these findings suggest that recommendation
ranking signals can reshape which groups of content oc-
cupy structurally influential positions within the recommen-

dation network. Consequently, weighted analysis provides
additional insight into how recommendation systems may
concentrate influence along particular navigation pathways
in AI-driven social media environments.
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Figure 2: Distribution of Jaccard similarity scores between
top-5 focal structures identified by FSA and five WFSA vari-
ants across all 15 datasets.

Structural Properties of Focal Structures
To understand how the focal structures extracted by FSA
and the WFSA variants differ, we examine several struc-
tural properties of the resulting subgraphs. These include the
number of nodes and edges, average degree, betweenness
centrality, clustering coefficient, and modularity.

First, we look at the size of the focal structures. Fig-
ures 3(a) and 3(b) show that focal structures identified by
FSA generally contain more nodes and edges than those ex-
tracted by the WFSA variants. This means that FSA tends
to select larger groups of nodes within the recommendation
network.

However, being larger does not necessarily mean that the
nodes are strongly connected. When we examine the con-
nectivity measures, a different pattern appears. Figures 3(c)
and 3(d) show that nodes within WFSA focal structures
have higher average degree and higher betweenness central-
ity compared to those in FSA structures. This indicates that
the nodes selected by WFSA are more densely connected
and occupy more important positions in the network’s con-
nectivity paths.

The difference in cohesion is also evident in the clustering
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Figure 3: Comparison of nodes, edges, average degree, betweenness centrality, clustering coefficient, and modularity of focal
sets extracted by FSA and five WFSA variants across all 15 datasets.

coefficient. Figure 3(e) shows that WFSA focal structures
consistently have higher clustering coefficients. This means
that the nodes within these groups tend to form tightly con-
nected neighborhoods in which many nodes are linked to
one another.

We also observe a difference in modularity. As shown
in Figure 3(f), WFSA focal structures exhibit lower mod-
ularity compared to those identified by FSA, indicating that
WFSA captures more cohesive and internally unified groups
with fewer distinct sub-communities. In contrast, the higher
modularity observed in FSA suggests that its focal structures
tend to include multiple internally distinct sub-communities
within a single larger group. This highlights that WFSA
identifies more tightly connected and homogeneous regions,
whereas FSA captures broader but structurally heteroge-
neous sets.

The structural comparison in Figure 3 shows that WFSA
identifies focal structures that are smaller but more tightly
connected than those detected by FSA. While FSA extracts
larger sets of nodes, the focal structures detected by WFSA
contain fewer nodes but exhibit stronger internal connectiv-
ity and higher structural importance. This indicates that in-
corporating rank and depth information into the recommen-
dation graph helps reveal influential groups that are not visi-
ble in the unweighted network, directly answering RQ1 and
highlighting how recommendation hierarchy shapes struc-
tural influence in algorithmically curated systems.

In recommendation platforms such as YouTube, these
tightly connected focal structures can represent groups of
videos that reinforce recommendation paths. Because the

videos inside these structures are highly interconnected,
users who follow recommendations may remain within the
same part of the recommendation network. As a result, these
structures can guide users toward a limited region of the rec-
ommendation graph.

Network Resiliency Assessment
To understand how important the detected focal structures
are for maintaining the recommendation network, we per-
form a network resiliency analysis. In this analysis, the fo-
cal sets identified by each method are removed from the net-
work, and the resulting structural changes are measured us-
ing several resiliency metrics. These include the number of
nodes removed, as well as normalized measures of structural
impact, such as the number of edges removed, the number
of isolated nodes formed, the number of clusters formed, and
the connectivity loss per removed node.

Figure 4 shows how the recommendation networks re-
spond when focal structures detected by FSA and the WFSA
variants are removed. A consistent pattern appears across all
datasets. We first examine the number of nodes removed.
Figure 4(a) shows that FSA generally removes a larger num-
ber of nodes compared to the WFSA variants. This means
that FSA tends to identify larger focal sets within the net-
work. However, removing more nodes does not necessarily
lead to stronger disruption.

When we look at the structural impact of the removals,
a different pattern becomes visible. Figures 4(b), 4(c),
and 4(d) show that removing focal structures identified by
WFSA leads to greater structural changes in the network. In
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Figure 4: Comparison of five network resiliency metrics after targeted removal of focal sets identified by FSA and five WFSA
variants across all 15 datasets.

particular, the removal of nodes identified by WFSA results
in more edges removed per node, along with the formation
of more isolated nodes and disconnected clusters. This indi-
cates that each removed node has a stronger structural im-
pact on the network, suggesting that WFSA selects nodes
that occupy more critical positions within the recommenda-
tion structure.

The same trend is evident in the connectivity loss re-
sults. As shown in Figure 4(e), removing WFSA-derived
focal structures results in higher connectivity loss per re-
moved node compared to FSA. This means that the network
becomes more fragmented when these nodes are removed.
The relatively consistent distribution of the WFSA results
across datasets also suggests that this pattern is stable and
not caused by a few extreme cases.

Across all metrics, WFSA focal structures play a more
important structural role in maintaining the recommendation
network than those identified by FSA. Even though WFSA
removes fewer nodes, the network experiences stronger dis-
ruption when those nodes are removed. This suggests that
influence within recommendation systems may be concen-
trated within small but structurally critical groups of content
that help maintain recommendation pathways. This indicates
that WFSA is more effective at identifying structurally influ-
ential groups within the recommendation network, directly
addressing RQ2.

After establishing that WFSA focal structures lead to
stronger network disruption than those identified by FSA,
we further compare the different WFSA weighting schemes

to assess their relative effectiveness. Figure 4 reveals a clear
hierarchy among the WFSA variants. Across the resiliency
metrics, removing focal structures identified by WFSA3
and WFSA4 yields the most significant structural changes.
In particular, Figure 4(e) shows that these methods result
in higher connectivity loss per removed node compared
to other variants. Between them, WFSA4 exhibits slightly
stronger effects, leading to greater fragmentation. As shown
in Figures 4(c) and 4(d), removing WFSA4 focal structures
results in more isolated nodes and disconnected clusters, in-
dicating that these nodes play critical roles in maintaining
connections across different parts of the network. WFSA2
follows closely behind, also producing substantial structural
impact.

In contrast, WFSA1 and WFSA5 lead to comparatively
smaller changes in connectivity and fragmentation, suggest-
ing that these weighting schemes are less effective at identi-
fying structurally important nodes within the recommenda-
tion network.

These results indicate that weighting schemes combin-
ing rank importance with inverse-depth decay are more
effective at identifying structurally influential focal struc-
tures. Among the evaluated approaches, WFSA4 consis-
tently causes the strongest network disruption when its fo-
cal structures are removed, followed by WFSA3, WFSA2,
WFSA1, and WFSA5. This indicates that WFSA4 most ef-
fectively captures structurally critical groups within the rec-
ommendation network, thereby answering RQ3.



Implications
These findings offer insights into how influence emerges
in algorithmically curated systems. The hierarchical signals
embedded in YouTube’s recommendation system, i.e., rank
and depth, change which content groups are identified as
structurally influential. Unlike neutral suggestion mecha-
nisms, recommendation algorithms rank, prioritize, and or-
ganize content in ways that shape user navigation, and these
choices are reflected in network structure.

Our results show that incorporating a recommendation hi-
erarchy reveals compact, tightly connected groups occupy-
ing disproportionately important positions in the network.
When removed, the network fragments more dramatically
than when FSA-identified groups are removed. In practical
terms, a small set of structurally important videos may act as
bridges connecting different regions of the recommendation
graph, repeatedly routing users through the same content, re-
gardless of their intent, not because the content matches their
preferences, but because the network structure and ranking
logic make these pathways most accessible.

For platform designers, these findings suggest that rank-
ing functions, depth limits, and aggregation strategies have
structural consequences beyond technical implementation;
they shape how influence is distributed across recommenda-
tion networks.

Conclusion and Future Work
This study applies WFSA to YouTube recommendation
networks, demonstrating how rank- and depth-based edge
weighting captures structural influence in AI-driven recom-
mendation systems more effectively than unweighted FSA.
By incorporating edge-weighting schemes based on recom-
mendation rank and depth, which represent key hierarchical
signals guiding user navigation, we construct weighted rec-
ommendation graphs and extract focal structures that bet-
ter reflect the structural realities of algorithmically curated
platforms. These findings highlight the importance of incor-
porating an AI-driven recommendation structure when ana-
lyzing influence and information exposure in modern online
platforms.

The experimental results show that incorporating recom-
mendation hierarchy changes how influential groups are de-
tected and is essential for accurately capturing how AI sys-
tems shape structural influence and user navigation path-
ways. While FSA tends to identify larger focal structures,
WFSA consistently detects smaller but more tightly con-
nected groups of nodes. Structural property analysis re-
vealed that WFSA-derived focal structures exhibit higher
connectivity and cohesion, indicating that they occupy more
structurally important positions within the recommendation
graph. Network resiliency experiments further confirm that
removing WFSA-identified structures causes greater frag-
mentation and connectivity loss than removing those de-
tected by FSA. This result indicates that WFSA more effec-
tively captures groups that play a critical role in maintaining
connectivity in the recommendation network. Among the
evaluated weighting schemes, WFSA4, which combines lin-
ear rank decay with inverse depth decay and count-weighted

aggregation, consistently produced the strongest structural
disruption when its focal structures were removed.

These findings collectively suggest that the way an AI rec-
ommendation system organizes and presents content is not
just a surface feature of user experience. It influences which
groups of content become structurally prominent within the
pathways available to users. Understanding the relationship
between algorithmic hierarchy and structural power within
recommendation networks is essential for studying the risks,
rewards, and responsibilities that emerge as AI systems take
on an increasingly central role in mediating human access to
information.

Although this study demonstrates the advantages of in-
corporating recommendation hierarchy into focal struc-
ture analysis, it also has some limitations. The weight-
ing schemes proposed here rely on recommendation rank
and depth, capturing important but partial aspects of the
AI-driven recommendation system’s influence on human
navigation and exposure patterns. Future work can extend
this approach by incorporating additional behavioral sig-
nals, where available, such as watch time, user interaction
rates, or click-through patterns, which may provide a more
comprehensive representation of how users traverse AI-
curated recommendation pathways. In addition, this study
focuses on YouTube within two specific discourse domains.
Applying WFSA to other recommendation platforms and
broader topical contexts, including entertainment, health, or
scientific information, would help assess the robustness of
these findings across different AI-mediated environments.
Additionally, future work could examine whether WFSA-
identified focal structures exhibit greater thematic consis-
tency than those identified by FSA, extending the content
trap analysis of prior work to weighted recommendation net-
works. This can further improve our understanding of influ-
ence dynamics and structural vulnerabilities in algorithmi-
cally driven recommendation systems.
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