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ARTICLE INFO ABSTRACT

Keywords: The development of social media has changed the way in which information is consumed by the
Polarization quantization public. However, it also promotes polarization, especially among the more controversial topics.
Echo chamber Furthermore, recommendation systems commonly used in social media have been shown to

Social networks

. emerge an echo chamber effect, amplifying user groups’ polarization. Most of current studies
Networks analysis

focus on analyzing the generation of polarization phenomena on social media but rarely
investigate how to quantify polarization. In this study, we construct user opinion networks
and utilize random walk to quantify the polarization of related topics. The experiments on
three real datasets, i.e., Bilibili, YouTube and Reddit, demonstrate that there is polarization in
Bilibili and YouTube, especially in Bilibili. Our work complements quantitative measurements
of polarization in social media platforms.

1. Introduction

The advent of social media has unprecedentedly changed the mechanism by which we consume information and form
opinions [1,2]. Furthermore, users play multiple roles in modern social networks, such as consumers, publishers, and spreaders. This
new interactive consumption pattern enables the rapid spread of news and affects the formation of public opinion [3]. Moreover,
the massive amount of information in social media has caused information overload for users [4], prompting the platform to
develop and utilize recommendation algorithms to help users filter out uninteresting information. These algorithms infer the user’s
interests through historical data and similarity relationships to render information related to the user’s interests [5,6]. Although the
recommendation algorithms can enhance the occurrence of information that presents user interests, the filtered content isolates users
from the information selection process and limits the user’s exposure to non-preferred information [7,8]. Thus, recommendation
algorithms may aggregate users with similar interests, forming a virtual space, i.e., echo chambers [9]. In this virtual space,
users’ opinions, political leanings, or beliefs on a certain topic are strengthened through repeated interactions with other peers,
e.g., comments, likes, and forwarding.
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Users in echo chambers tend to interact with users who support their previous opinions, thus forming a user group with
convergent opinions. And the more users join this group, the more likely it is to cause polarization [10]. In social science,
polarization refers to dividing a society or political group into opposing subgroups with conflicting political standpoints, goals, and
perspectives [11]. It is a common phenomenon in social life, such as ideological, emotional, and news audience polarization [4]. For
example, in real-world society, the same race people tend to live together, leading to social ethnic polarization [12]. However, unlike
the slow formation of real-world polarization, the emergence of echo chambers accelerates the formation of online polarization [13].
In these polarized environments, opposing user groups are prone to communicate in a highly divisive way, with members of the
internal groups having only minimal access to external groups and their viewpoints [14,15], which causes the public to begin to
worry about the polarization of ideology [16]. For instance, Yardi and Boyd demonstrated that replies between like-minded Twitter
users are more frequent than replies between users with different political views, and discussing highly politicized issues tends
to strengthen group identity [17]. Adamic and Glance found that political blogs tended to establish connections with other blogs
representing similar political ideologies, while they had fewer connections with blogs holding opposite views [18]. Such a highly
divisive communication style will affect the public opinion orientation of news on social media platforms [19].

The recommendation algorithms of different social media platforms have promoted the emergence of the echo chamber effect,
leading to the widespread polarization of public opinion on the Internet [20-22]. For example, the highly divided partisan report
in the US and Japan presidential elections [23,24], discussions on secularism and Islamism during the Egyptian revolution in
2011 [25,26], and the 15M campaign in Spain in 2011 [27]. Especially when it comes to political events, it has been proven to
cause social media to split into different communities [28,29]. Schmidt et al. discovered the phenomenon of political polarization of
views on vaccine discussions on Facebook [30], while Aman et al. found the phenomenon of emotional polarization and ideological
polarization of users on Twitter about climate change [31,32]. Based on user’s consumption behavior on YouTube and Facebook,
Bessi et al. discovered polarization in science and conspiracy theory consumption among users based on their consumption behavior
on YouTube and Facebook [33].

Most current studies primarily focus on modeling polarization dynamics and developing methods for polarization quantification.
For instance, Arruda et al. examined how social network algorithms impact polarization [34], while Valensise et al. investigated the
drivers of polarization using model fitting [35]. Similarly, Ojer et al. studied depolarization dynamics through simulation [36]. On
the quantification side, Yang et al. utilized Twitter content to measure the degree of semantic polarization through word embedding
and clustering techniques [37]., but this method is ineffective for non-textual social network platforms, e.g., YouTube. Hohmann
et al. used the euclidean distance to quantify the polarization, but it requires high computational costs for large-scale networks [38].
However, quantifying the polarization is still a challenge. In this work, we aim to develop quantitative metrics that systematically
measure polarization in user opinion networks. Inspired by recent research [12] on ethnic segregation in metropolitan areas, in this
work, we construct user opinion networks on different social media platforms (i.e., Bilibili, YouTube, and Reddit) and utilize the
random walk to quantify polarization and explore the differences between different platforms.

Our main contributions are summarized as follows:

1. Construct user opinion networks, discover and quantify polarization on social media platforms through the random walk.
2. Explore the differences in polarization between different social media platforms.
3. Discuss the impact of information factors in social media platforms on polarization.

The rest of this paper is organized as follows: Section 2 introduces related data and the details of our metrics that quantify
polarization, Section 3 demonstrates the process of quantifying polarization in specific social media, Section 4 gives detailed
experimental results and Section 5 demonstrates our simulation results. Finally, Section 6 concludes our work.

2. Data and methods
2.1. Data collection

The datasets in this work are collected from Bilibili,’ YouTube? and Reddit.® For Bilibili and YouTube, we collect video
information regarding climate change, feminism, and abortion topics due to their frequent emergence in public discourse and their
ability to evoke diverse user opinions. Data collection spanned from 2016 to 2023, ensuring a comprehensive representation of user
engagement across these years. Videos were identified through topic-specific keywords (i.e., Climate Change, COP, Feminism, Female
Right, Abortion). Each video comprises titles, views, likes, user ID, number of comments, and comments content. As for Reddit,
since there are few subreddits for climate change, feminism, and abortion, we obtained the data by downloading comments and
submissions posted in the subreddit* News and Politics. Each blog comprises blog text, number of comments, and comments content.
Table 1 shows the detailed information of the dataset.

https://www.bilibili.com/.
https://www.YouTube.com/.
https://www.reddit.com/.
https://search.pushshift.io/reddit/.
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Table 1
Dataset details.
Media Topic #Contents #Comments #Users
Bilibili Climate change 944 14,569 13,122
Feminism 943 133,498 105,078
Abortion 923 85,371 72,333
YouTube Climate change 509 63,043 55,538
Feminism 563 82,980 75,764
Abortion 496 101,154 86,085
Reddit News 1711 24,680,281 48,155
Politics 4094 47,894,503 178,430
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Fig. 1. An illustration of determining user political leaning.

2.2. Methods

2.2.1. Construction of user opinion network

We first determine the user’s political leanings toward a topic. Specifically, the individual political leaning of a user u toward a
specific topic T can be calculated by the comments the user produces, as the emotion of the comments indirectly reveals the user’s
political leaning towards the topic [39,40]. Considering there are M numbers of posts related to topic T = {T}, ..., T}, ..., Ty}
and a user u producing a number N, of comments, C, = {¢|, ..., ¢;, ..., ¢y} towards the topic, and each comment is assigned
a political leaning. There are three political leaning states, i.e., p; € [—1,0, 1] associating with left, center, and right-leaning. For
example, if a comment supports the post T; (e.g., the sentiment is positive), then the comment will inherit the political leaning
of the post. Furthermore, if the comment opposes the post 7; (e.g., the sentiment is negative), then the comment will inherit the
opposite political leaning of T;. Otherwise, the comment will be assigned as the center if the comment stays neutral about the
post. Specifically, we employ TextBlob® for English comments and SnowNLP® for Chinese comments. Therefore, for an individual
post N, comments toward topic T, there are N pr=—1> Np=05 and N pp=1 number of leanings associating with three leanings, where
Ny,——1+N,.—o+ N, _; = N. Thus, an individual’s political leaning p, toward topic T can be regarded as the political leaning that
appears most in the content generated by the individual, i.e., p, = max{N or }. It should be noted that each user’s political leaning
is assigned as a single value, categorized by topic. The illustration of calculating user political leanings is shown in Fig. 1.

Next, we construct the user opinion network toward each political topic through user comment relationships to quantify the
polarization in users’ opinions of Bilibili, YouTube, and Reddit. Specifically, the user opinion network G is an undirected weighted
network with N nodes and K edges where nodes represent users, edges represent the co-comment relationship on the same post,
and the weight of an edge represents the number of times that co-comments on the same post. It should be noted that we only focus
on the largest connected component in our work. The illustration of user opinion network is shown in Fig. 2.

2.2.2. Quantifying polarization through random walk

Inspired by recent research [12] on ethnic segregation in metropolitan areas, we utilize the simplest random walk (which is
starting from a node and then transferring to a neighboring node with a transfer probability) to quantify polarization on social media
platforms, i.e., the coverage time of the random walk on the corresponding user opinion network. Specifically, our user opinion
network contains three groups according to their political leaning states, i.e., left, center, and right-leaning, and the coverage time
represents the average expected number of steps required for the walker to visit all political leanings in the network by a random

5 https://github.com/sloria/TextBlob.
6 https://github.com/isnowfy/snownlp.
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Fig. 2. The illustration of user opinion network (abortion topic on Bilibili).

walk starting from a random initial node i, after the R round. In the random walk, the transition probability from node y to node x is
calculated as the weight of the edge between the node and its neighbor, i.e., P (x | y) = (W, — Wiin)/Wpax — Wnin), if edge(x,y) € G.
Otherwise, the transition probability is 0 where w,, represents the weight of the edge between node y and node x, w,,, represents
the minimum weight of the edge from node y, w,,,, represents the maximum weight of the edge from node y.

For example, if political leanings are evenly distributed in the user opinion network, the coverage time will not be seriously
dependent on the initial node i, representing a weak polarization. Conversely, if user nodes tend to form isolated groups with
specific political leanings, the coverage time will depend on the initial node, the political leaning of the initial node, the size of
other clusters in the network, and the strength of user connections (i.e., the weight of the edge). Generally, the longer the coverage
time, the stronger the polarization in the social media platform. In more detail, the average coverage time .S;(r) starting from the
node i of a certain topic T after R rounds is shown in the Eq. (1), k represents the number of rounds, where in our work, R = 1000.

R
S, = % ys, @
k=1

For the entire user opinion network, the network coverage time could be the average coverage time of all the nodes, as shown
in Eq. (2), where N represents the number of nodes.

N
1
u = ; 5,(0) @

Then, the variance and the diversity of the distribution of coverage time can be calculated as Eqs. (3) and (4), where q;; are the
entries of the adjacency matrix of the user opinion network, where K represents the number of edges.

Var (S;(1))
o= —— ®3)
1 N
o) = = 2, X a; | St = 8,0 @)
i=1 j<i

These metrics quantitatively assess polarization, i.e., the user opinion network coverage time u(r) characterizes the average
coverage time of all the nodes and quantifies the polarization of user groups in the user opinion network; the variance of the
distribution of coverage time o(f) quantifies the dependence of the coverage time on the initial node; the diversity of coverage time
o(t) quantifies how much the coverage time varies between neighboring nodes in the network.
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Table 2
Demonstration of determining video’s leaning.
Topic Stance Political leaning
Support Left
Climate change Oppose Right
- Neutral
Support Left
Feminism Oppose Right
- Neutral
Support Left
Abortion Oppose Right
- Neutral

3. Implementation on social media
3.1. YouTube and Bilibili

For social media platforms such as YouTube and Bilibili, where information is spread through videos, we determine user’s political
leanings according to their comments under videos on related topics. Firstly, the video title determines whether a video post is for
or against a certain topic, as shown in Table 2.

Then, the user’s attitude toward the video will be used to calculate the user’s political leanings toward the video. Specifically, if a
user posts a comment under a video and expresses a positive (negative) sentiment, it is construed that the user’s contribution aligns
with the political leanings endorsed by the video (opposed political leanings for negative sentiment). Otherwise, the user expresses
a politically neutral stance. Finally, the political leaning of a user is calculated by counting the political leanings that appear most
in user-generated content as mentioned in Section 2.2.1. Furthermore, the user opinion network is constructed by connecting all
users who comment on the same video. For example, if user #; and user u; comment on the same video, user u; and user u; are
connected, and the edge weight reflects the frequency with which user #; and user u; comment on the same video. In this work, we
only focus on the first layer of comments of each video.

3.2. Reddit

For Reddit, where information is conveyed through text, we infer users’ political leanings by examining the political orientations
of news organizations linked in the blogs users submit. The classification of news organizations’ political leanings is based on the
MFCB website.” For example, if a user publishes a blog with a link to CNN (politically left-leaning media), then the user is deemed
to have generated politically left-leaning content. We also count the most frequently occurring political leanings in user-generated
content to determine the user’s political leanings. The construction of the user opinion network is similar to Bilibili and YouTube,
connections are connected between comment users who engage with the blog, e.g., if user u; and user u; have commented on the
same blog, then user u; and user u; are connected, with the edge weight representing the frequency of shared comment of blogs

J
between user u; and user u;. Similarly, we only consider the first layer of comments of each blog.

4. Results

To explore platform polarization, we first qualitatively identify polarization in social media. In a polarized environment, users
are more likely to be surrounded by users with similar political leanings [41], that is, user i is more likely to be connected to users
with similar political leanings. Fig. 3 demonstrates the joint distribution of users’ and average neighbors’ leanings, where a brighter
color indicates greater user density. As shown in Fig. 3(a) and (b), climate change topics on Bilibili demonstrate a strong correlation
between the user’s political leaning and the average political leaning of their neighbors, followed by YouTube. On YouTube, there
is a mix of consensus and polarization according to recent polarization modeling research [34,35]. Contrarily, the Reddit news
community does not demonstrate a polarization phenomenon, e.g., there is only a bright area in Fig. 3(c), that is, only containing
a single political leaning.

After qualitatively discovering the polarization phenomenon on topics of Bilibili and YouTube, we utilize the random walk
proposed in Section 2.2.2 to quantify these phenomena. Fig. 4 demonstrates the normalized coverage time (NCT, i.e., NCT =
(S;(t) = u@®),u)/S;(@)) of the user opinion network in Bilibili, YouTube, and Reddit. u(1),,, represents the average coverage time
of the null model, and the normalized coverage time NCT is used to compare the degree of polarization between the different
platforms quantitatively. As shown in Fig. 4, on the Bilibili platform, the median of NCT on abortion, climate change, and female
rights topics is larger than 0 and surpasses YouTube, reflecting a comparatively stronger polarization in user discussions. In contrast,
the Reddit platform demonstrates a different trend. The median of NCT on these topics is less than 0, suggesting that discussions
on political matters within the News and Politics subreddits do not exhibit clear signs of polarization. This absence of polarization

7 See in https://mediabiasfactcheck.com.
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Fig. 3. Joint distribution of users’ and average neighbors’ leanings for different social media. (a) Bilibili, (b) YouTube, (c) Reddit. where colors represent the
density of users and marginal distributions are plotted on the x and y axis, respectively.

Table 3
Kolmogorov-Smirnov test result.
Media Topic Statistic P
Bilibili Climate change 26.3 <0.001
Feminism 17.2 <0.001
Abortion 17.9 <0.001
YouTube Climate change 6.65 <0.001
Feminism 4.69 <0.001
Abortion 15.0 <0.001
Reddit News -10.1 <0.001
Politic -29.6 <0.001

on Reddit can be attributed to the prevalent left-leaning political orientation among Reddit users [42]. Given this uniform political
leaning, there is a lack of confrontation between user groups with differing political inclinations on the platform. Consequently, the
existence of polarization is not readily apparent on Reddit. Moreover, we introduce a null model to further verify the polarization
phenomenon’s existence on Bilibili and YouTube. Specifically, our null model shuffles users’ political leanings and edges’ weight.
Thus, if polarization exists in the user opinion network, the coverage time distributions of the user opinion network and null model
are supposed to have significant differences, i.e., the coverage time of the null model is less than the original user opinion network
as people with different political leanings are evenly distributed in the network. Hence, we use the Kolmogorov-Smirnov Test to
compare the original user opinion network and null model, results show Bilibili and YouTube have statistical differences (Table 3),
i.e., statistics > 0 and p-value <0.05, implying these platforms contain polarization phenomenon.

Furthermore, we demonstrate three polarization quantification indicators of the user opinion network i.e., u(#), o(t) and o(z), on
Bilibili and YouTube. The larger the value of u(z), the more serious the polarization of user groups in the user opinion network.
Similarly, o(f) measures the overall variance of the political leanings coverage time. The larger the value of o(r), the greater the
dependence of the political leanings coverage time on the initial node. The larger o(7) represents that the political leanings coverage
time of adjacent nodes varies greatly, suggesting that users and neighbors share different political opinions. Furthermore, the larger
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Fig. 4. Normalized coverage time of user opinion network on different topics in (a) Bilibili, (b) YouTube, and (c) Reddit.
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Fig. 5. Polarization indicators of u(t), o(#), o(7) in Bilibili (colored in blue) and YouTube (colored in red).

o(1), the stronger the polarization in the network. As shown in Fig. 5, the polarization quantification indicators of these three topics
on Bilibili are generally greater than that of YouTube (i.e., in the upper right corner of the figure), which indicates that the degree
of polarization of the user discussions about these topics on the Bilibili platform is greater than that of YouTube.

To deeper understand the factors associated with polarization on Bilibili and YouTube, we use the correlation t-test to explore the
correlation between topic features (i.e., average number of video views, average number of fans, and average number of comments)
and polarization quantification indicators (i.e., o(r), o(f), u(t)), as shown in Table 4, where * represents p < 0.05. The results
demonstrate that o(r) and u(r) have a significant negative correlation with the number of video comments, suggesting that the
topics with more comments, the more difficult it is to generate polarization. This may be because as the topic is widely discussed,

users will continue to deepen their thinking about it and become more inclusive, leading to less user polarization.
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Table 4

The relationship between average topic features and polarization quantification indicators.
Average topic features t-test (p-value)

o(r) a(t) u()

#views —0.712(0.287) —0.183(0.816) —0.720(0.280)
#thumbs —0.734(0.266) —0.182(0.818) —0.738(0.262)
#fans —0.527(0.473) —0.352(0.648) —0.531(0.469)
#comments —0.985(0.015%) 0.333(0.667) —0.973(0.027%)

4

00_00.0¢0
...'..:.,.:.~

(b) User network with y=1

(a) User network with y=-1

Fig. 6. The relationship between Normalized coverage time and polarized (y = —1.0) and non-polarized (y = 1.0) social networks.

5. Simulation

To verify the effectiveness of our proposed method, we conduct a virtual user network (contains N nodes and K edges) with
political leaning. Our work uses the Tokita model [43] to simulate a polarized social network, where nodes represent users and
edges represent social relationships. For simplicity, in our simulation, we only consider left and right political leaning, i.e., each
user has a fixed political leaning, either L or R, where in this work, N =200 and K = 800.

To generate a polarized social network, we first introduce two information sources, i.e., M; and M, which are associated with
L and R leanings. Then, in each evaluation round, social connections change through two steps. In the first step, we filter activated
users who are influenced by themselves or surrounding neighborhoods. Specifically, we randomly selected 10% users to sample
their corresponding media sources. These users respond based on a news sensitivity 6;: they become activated if s > 6;. Otherwise,
they remain inactive. The remaining 90% users’ status are influenced by the activity of their neighbors, e.g., an individual becomes
active if the fraction of their active neighbors exceeds their threshold. Once a user becomes active, they remain in the active state
for the rest of the round where the significance (s € [0, 1]) of users is used to measure the difference between two sources reporting
on the same story, e.g., Left-leaning or Right-leaning. Since the content of coverage varies from different media sources to the same
topic [44]. The significance (s) is simulated by drawing the significance s; of news reporting from sources M; and the significance
sg of news reporting from sources My from a multivariate normal distribution N (0, X), where X is the covariance matrix with entries
X, =2, =yand 2|, = %) = 1. s; and sy are then normalized to the interval (0, 1) using a cumulative distribution function for
gaussian distribution. y € [—1, 1] represents the correlation between the two media sources. A high y (close to 1.0) implies a similar
report, while a low y (close to —1.0) indicates dissimilarity. In the second step, activated users adjust their social relationships. In
this step, we randomly select users with an activated state. If the user is influenced by the activity of their neighbors, she randomly
breaks a social tie with an activated neighbor. It should be noted that, in our work, the total number of social relationships is kept
to prevent networks from irreversibly fragmenting. Thus, if the social tie is broken, a new social tie is added between two unrelated
randomly chosen users.

In our simulation, we set y = —1.0 and y = 1.0 and obtained two user networks as shown in Fig. 6(a), where the blue nodes
represent users with political leaning R and the red nodes represent with political leaning L. To measure the political polarization,
we calculated the assortativity of two networks, which is the tendency of nodes to attach to other nodes that are in the same political
leanings [45]. This metric takes values in the range [—1, 1], with positive values indicating that individuals tend to be attached to
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Fig. 7. The relationship between Normalized coverage time and polarized (y = —1.0) and non-polarized (y = 1.0) social networks.

others of the same political leaning and negative values indicating that individuals tend to be attached to others of opposite political
leanings. The political assortativity of the user network when y = —1.0 is 0.34 and 0.0 while y = 1.0. Then, we use random walk to
quantify the polarization of the user network simulated when y = —1.0 (polarized social network) and y = 1.0 (unpolarized social
network). The coverage time of the user network when y = —1.0 is larger than 0, demonstrating a clear polarization as shown in
Fig. 7, which verifies the feasibility of our quantitative polarization method.

6. Conclusion

To summarize, our present work proposed a new polarization quantification indicator that can efficiently quantify the degree
of polarization in social media platforms. Unlike measuring controversy [46], our primary goal is to quantify polarization, which
emphasizes the segregation and clustering of users with similar leanings rather than the contentious interactions between groups.
In the context of polarization, a highly polarized network is characterized by strong intra-group connections (users with similar
leanings) and weak inter-group connections (limited interaction between users with opposing leanings). As a result, in a polarized
network, it takes significantly longer for a random walker to move between groups, leading to a higher coverage time. Conversely,
in less polarized networks, where cross-group interactions are more frequent, the coverage time is lower. Specifically, by utilizing
the coverage time of user opinion networks, we quantify the polarization in three real social networks, i.e., Bilibili, YouTube, and
Reddit. The results show that there exist significant distinctions between different social media platforms, e.g., Bilibili and YouTube
demonstrate significant user polarization, and in contrast, Reddit does not demonstrate significant user polarization. Furthermore,
we observed differences in user polarization between platforms in discussions on polarization topics. For example, the degree of
user polarization for discussions about feminism is less than that on YouTube. Moreover, the correlation analysis demonstrates that
topics with more comments by users are less likely to be polarized, though the small sample size may affect the reliability of the
Pearson correlation results.

However, our work does not discuss the evolution of polarization over time. Thus, in the future, we will explore the development
of polarization in social media platforms to understand better how different recommendation algorithms influence polarization
formation. Hopefully, our findings could be further expanded to uncover social dynamics and information consumption on social
media and help social media platform administrators develop policies to reduce polarization on platforms.
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