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Accelerated by technological advancements, while online platforms equipped
with recommendation algorithms offer convenience to obtain information, it also
brought algorithm bias, shaping the norms and behaviors of their users. The filter
bubble, conceived as a negative consequence of algorithm bias, means the
reduction of the diversity of users’ information consumption, garnering
extensive attention. Previous research on filter bubbles typically used users’
self-reported or behavioral data independently. However, existing studies have
disputed whether filter bubbles exist on the platform, possibly owing to variations
in measurement methods. In our study, we took content category diversity to
measure the filter bubbles and innovatively used a combination of participants’
self-reported and website behavioral data, examining filter bubbles on a single
online video platform (Bilibili). We conducted a questionnaire survey among
337 college students and collected 3,22,324 browsing records with their
informed authorization, constituting the dataset for research analysis. The
existence of filter bubbles on Bilibli is found, such that diversity will decrease
when viewing Game videos increases. Furthermore, we considered the factors
that influence filter bubbles from the perspective of demographics and user
behavior. In demographics, female and non-member users are more likely to be
trapped in filter bubbles. In user behavior, results of feature importance analysis
indicate that the diversity of information consumption of heavy users is higher
than others, and both activity and fragmentation have an impact on the formation
of filter bubbles, but in different directions. Finally, we discuss the reasons for
these results and a theoretical explanation that the filter bubbles effect may be
lower than we thought for both heavy and normal users on online platforms. Our
conclusions provide valuable insights for understanding filter bubbles and
platform management.
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1 Introduction

With the increasing popularity of social media, the way people obtain information and
form opinions has changed dramatically [1, 2]. Accelerated by technological advancements,
online video platforms have become an essential channel for people to obtain news
information with the emergence and rapid growth of participatory culture and
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collaborative consumption [3, 4]. An investigation by the Pew
Research Center revealed that approximately one-third of U.S.
adults (31%) receive news regularly through Facebook, whereas
about one in five Americans (22%) report regularly obtaining
news from YouTube [5]. The number of online video users in
China has reached 1.044 billion [6]. Bilibili1 (NASDAQ: BILI), a
YouTube-like UGC (User Generated Content) website, is an iconic
brand of China’s younger generation and a leading UGC video
community [7]. Most Bilibli users hold undergraduate degrees,
endowing Bilibili with substantial influence within the realm of
young, well-educated individuals [8].

The ubiquity of online video platforms facilitates fragmented
audiences through content options and audience consumption [9].
Users can watch various types of video content at any time and place,
which dramatically satisfies users’ needs for entertainment and
knowledge. Some argue that the Internet and social media
broaden diverse views, ideas, and opinions, resulting in a diverse
information base [10, 11]. However, critics said that the algorithms
employed by search engines and social networks limit users’ ability
to engage with diverse content [12–14], thereby building filter
bubbles and diminishing information diversity [15].

Filter bubbles, as intermediate structures in social networks
inducing polarization and echo chambers, have become one of
the most pressing issues in social media today [1]. In this
environment, users may always only see the same opinions on
political or moral issues but cannot be exposed to different ones
[12, 15]. As a result, the cognitive quality of information and
diversity of perspectives will be compromised, and the public
sphere will be eroded [15]. The filter bubble effect is seen as the
culprit to significant occurrences, including the dissemination of
false information during the Brexit referendum and the 2016 U.S.
presidential election [16–18] and anti-immigration protests in
Europe [19]. In addition, the filter bubble is thought to be linked
to measles outbreaks in 2014 and 2015 [20]. Therefore, filter bubbles
are considered a threat to the well-functioning democratic
institutions of modern societies [21].

The filter bubble phenomenon has been comprehensively and
deeply studied in information science and communication
studies [13, 15, 22–26]. However, there is no unanimous
scientific consensus on the existence of filter bubbles. Some
found evidence of echo chambers on social media such as
Twitter [27–29]. The filter bubble is a phenomenon closely
related to what Sunstein has called “echo chambers” [30].
Both echo chambers and filter bubbles describe situations in
which individuals are exposed to narrow opinions and
perspectives. However, other studies showed that the evidence
on Facebook and search engines is relatively limited, showing
little or only a slight filter bubble effect [13, 23, 24, 31, 32].
Therefore, filter bubbles may be overstated [33, 34]. Terren and
Borge conducted a systematic analysis of 55 studies on social
media and found that clear evidence of echo chambers on social
media is based on studies with digital trace data, while those
studies based on self-reported data found echo chamber was
overstated [35]. It should be noted that the different approaches

may have possible biases and that combining self-reported data
with digital trace data has significant potential. In our study,
using digital tracking data, we observe users may fall into filter
bubbles as their consumption of the Game category increases.
Then, we use a combination of self-reported and website
behavioral data to examine the factors impacting filter
bubbles, which is also the innovation of this study.

According to previous research, users with different
demographics differ in frequency of website use [36, 37], interest
in news [38–40], and the number of news consumption [41], and
also significantly affects information diversity and perception of
filter bubbles [42, 43]. Other potential factors related to filter bubbles
are user behaviors. User behaviors on social media are divided into
consumption, contribution, and creation [44]. Consumption, which
mainly involves content viewing, represents the foundational level of
user behavior and is the specific focus of our work. Metzger et al.
examined the effects of profile browsing behavior on Chinese
Facebook, Renren, on social capital via information propagation
between users [45]. Chen et al. analyzed the video browsing behavior
of users in online VoD systems and developed a user behavior model
that can be used to improve the quality of users’ experiences and
make the best use of system resources [46]. Nguyen et al. measured
the filter bubble effect in the MovieLens recommender system at the
individual level [26] and found that taking recommendations
reduces the risk of filter bubbles and provides a better experience
than not taking them. Fragmented information is prevalent in social
media today [47], and we mainly focus on activity and
fragmentation in user behavior. The relationship between user
activity and inter-event time has been extensively studied in
human dynamics [48–51], and there are differences in the extent
and perception of filter bubbles at different activity levels [43, 52].
Research on fragmentation shows that it provides great
conveniences to our daily lives but can harm our cognitive
abilities [53]. Researchers have also explored filter bubbles on
short video platforms in recent years with the rise of these
platforms. Wang et al. [54] and Li et al. [55] explored the
influencing factors of the user information cocoon effect of short
video platforms. Sukiennik et al. compared the effects of explicit and
implicit feedback on filter bubbles in a short video application [56].
In addition, Sheng and Zhang examined the process of information
cocoon formation from three perspectives: user motivations,
information behaviors, and strategies [57]. Given the interest in
the correlation between demographics and user behavior with filter
bubbles, our work analyzes the impact of filter bubbles from both
perspectives. Our data provides user demographic and browsing
behavior data to support relevant analysis.

We conducted an exploratory study with Bilibili to gain insights
into filter bubbles. Our research combines self-report data and
website historical data for analysis, allowing us to obtain and
utilize more abundant data content. Through data-based
exploration, we enrich our understanding of the filter bubble
phenomenon. The paper is organized as follows: Section 2
introduces the datasets and methodology used in the study.
Section 3 reports the results, including the existence of filter
bubbles in different categories, the impact on the filter bubble
from the perspectives of demographics and user behaviors, and
the key factors influencing filter bubbles, and gives a discussion.
Section 4 provides a conclusion of our entire research.1 https://www.bilibili.com/
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2 Materials and methods

2.1 Datasets description

We conducted research based on user browsing data recorded by
Bilibili. Bilibili focuses on UGC (user-generated content) and PUGC
(professional user-generated content), building communities
around specific topics. The platform hosts videos varying in
length from mere seconds to hours.

For user behavior data, we recruited students from the Zhejiang
University of Technology (ZJUT) and Beijing Normal University
(BNU) who were willing to provide browsing history records. We
noted that Bilibili only officially provides no more than 1,200 history
records within 3months. Our study focused on users whowatched over
200 videos to obtain information on users who frequently use Bilibili,
and finally, a total of 337 users with a total of 3,22,324 historical records
obtained. As shown in Table 1, each historical record includes the
following elements: User ID (anonymized), Video ID, Video title, Video
length (accurate to seconds), Category, Uploader, Video viewing length
(accurate to seconds), Video viewing end time, and Device (mobile
phone/web/tablet/TV).

2.2 Video category

We first quantified the filter bubble. The filter bubble is a
phenomenon in which users are trapped into narrow content or
viewpoints [12], and the degree of homogeneity of the content users
view is an important measure [55]. Therefore, inspired by the work

of Li et al. [55], we utilized diversity to quantify the filter bubbles
based on video categories. Content creators determine the video
category when uploading a video. There are twenty-one categories,
including Life, Entertainment, Game, Movie, Cinephile, Knowledge,
etc. For example, a Python tutorial may be labeled asKnowledge. The
diversity of information consumption concerns the proportion of
video categories users consume, and our work measured the
diversity by calculating the information entropy. The diversity of
information consumed by a user is as follows:

D � −∑
c∈C

pc × logpc (1)

Where in Equation 1, C represents all 21 categories, and pc is the
probability that an individual watches a specific category c:

pc � Nc

Na
(2)

Where in Equation 2, Nc is the number of videos in category c
watched by a user, and Na is the total number of videos a user
watches. Diversity close to 0 means users consume videos of a
specific category and fall into filter bubbles. In contrast, a higher
diversity means that users watch various types of videos evenly and
have a wide range of preferences.

To verify whether filter bubbles exist on the Bilibili, we investigated
the correlation between changes in diversity and the proportion of
watching a specific category. Specifically, We calculated the change in
diversity and video consumption in a specific category between the first
2 weeks and the last 2 weeks. To calculate the correlation between
changes in diversity and changes in the proportion of watching a
specific category, we used Spearman’s rank correlation coefficient [58],
as shown in Equation 3.

ρ � 1 − 6∑d2
i

Ns N2
s − 1( )

(3)

Where di represents the difference between the ranking of change of
a specific category’s watching proportion and change of diversity,
and Ns is the total number of observation samples.

2.3 Demographic

Typically, user groups with different demographics will have
distinct preferences. This difference may impact the filter bubble in
video consumption. To explore this, we studied the correlation
between users’ self-reported demographics and filter bubbles. We
anonymously collected users’ demographics, such as gender, age,
education, income, university (ZJUT or BNU), and membership, by

TABLE 1 An example of the historical record.

Attribute Example Description is_used

u-code 8O25L40Q5F User id √

history_bvid BV1Gg411e7aK Video id √

Title Python 桌面应用

开发

Video title √

Duration 1,271 Video lengths (s) √

tag_name 知识 Category √

author_name Python 自动化开发 Uploader √

Progress 1,003 Video viewing length (s) √

view_at 2022/10/7, 19:24:52 Video viewing end time √

history_dt Mobile Device √

TABLE 2 Examples of user demographic attributes.

Sample User ID Gender Age Education Income (yuan) University Membership

1 KINQ6GQIYI Female ≤ 20 Undergraduate 1,500–2,500 BNU No

2 HX4BLGSZGO Male 21–25 Undergraduate ≤ 1,500 BNU Yes

3 E0PHY60009 Female 21–25 Undergraduate 1,500–2,500 BNU No

4 PYHB2PN89N Female 21–25 Postgraduate 1,500–2,500 ZJUT No

5 NMJR2QH54I Male 21–25 Postgraduate 2,500–4,000 ZJUT No
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sending questionnaires. Table 2 shows samples of data. Detailed
information regarding our questionnaire can be found in
Supplementary Material.

2.4 User behavior

In addition to demographics, user behaviors may also impact
filter bubbles. We classified user behaviors into spontaneous
behaviors unrelated to recommender systems, such as activity,
fragmentation, and device type, and recommendation behaviors
related to recommender systems, such as recommendation
method and interaction. Below are definitions of these factors.
The following are the definitions of these factors.

2.4.1 Activity
Activity measures the frequency of a user participating in the

system [59]. In this work, denotingNa to represent the total number
of videos watched by a user, and T to represent the time difference
(in days) between the user’s first and last watching, then the activity
of the user is defined as Equation 4:

A � Na

T
(4)

2.4.2 Fragmentation
Fragmentation measures the dispersion degree of the user’s daily

watching time distributed over twenty-four h. Our work is based on
entropy to measure the degree of fragmentation of user behavior in a
day [60]. Denoting t is the hour in a day, then the fragment degree of
the user can be calculated as Equation 5:

F � −∑
24

t�1
pt logpt (5)

Where pt is the probability of the user watching videos at the t-th
hour in a day, which can be calculated as follows:

pt � ∑nt
d�1Durdt
Nd

(6)

Where in Equation 6,Nd denotes the total number of days the user
watched the video, Durdt means consumption time of the t-th hour
on the d-th day, and ntis the total number of days the user watched
the video on the t-th hour. The larger the fragmentation, the more
fragmented the user behavior is.

2.4.3 Device type
Device type measures the proportion of users using mobile

clients when watching videos. In our work, denoting Na to
represent the total number of videos watched by a user and Nm

to represent the total number of videos watched by a user on a
mobile phone or tablet, then the device type of the user is defined as
Equation 7:

M � Nm

Na
(7)

2.4.4 Recommendation method
Bilibili employs primarily two recommendation methods,

i.e., homepage recommendation and related recommendation.
The homepage recommendation (Hr) focuses on personalized
push, while the related recommendation (Rr) generates
recommendations based on the current video content. Usage

FIGURE 1
The correlation between the change in diversity and the
consumption of video within specific categories. (A) Life. (B) Music.
(C) Game.
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of these two recommendation methods was measured by two
questions in the questionnaire: “Every time you log in to Bilibili,
you will browse videos on the homepage first” and “After
watching a certain video, you may choose to continue

watching the related recommendations.” We used the Likert
scale [61]. Each question has five answers, such as strongly
agree, agree, neutral, disagree, or strongly disagree, which are
recorded as 5, 4, 3, 2, and 1 points.

FIGURE 2
The empirical cumulative distribution function of the variation in watching diversity among different demographic user groups, where the two
groups with the largest proportion are selected in each demographic for comparison. Numbers in the brackets means the number of people in the
group. The statistic is KS test statistic, p is the two-tailed p-value, and p < 0.05 indicates that the two sets of data belong to different distributions, such as
“gender” and “membership.” (A) Gender. (B) Age. (C) Education. (D) Income. (E) University. (F) Membership status.

Frontiers in Physics frontiersin.org05

Fu et al. 10.3389/fphy.2024.1423851

https://www.frontiersin.org/journals/physics
https://www.frontiersin.org
https://doi.org/10.3389/fphy.2024.1423851


2.4.5 Interaction
Interactive behavior was measured by the sum of points from

four questions. The questions include “When watching videos,
you send bullet screen actively,” “When watching videos, you
send comment actively,” “When watching videos, you share the

video you like actively,” and “When watching videos, you click
like, collect, and coin buttons actively,” and these actions are all
important behaviors of interaction with the platform. Here, the
Likert scale is used as well, and its reliability is 0.676, which is
acceptable.

FIGURE 3
The empirical cumulative distribution function of the variation in watching diversity among different behavior user groups. (A) Activity. (B)
Fragmentation. (C) Device type. (D) Hr . (E) Rr . (F) Interaction.
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2.5 Feature importance

We incorporated all twelve features into the random forest
algorithm to test the predictive ability of user demographic and
behavior factors on diversity. Then, we employed three methods to
indicate the importance of each predictive feature in the model,
i.e., Mean Decrease Impurity importance, Mean Decrease Accuracy
importance, and SHapley Additive exPlanations.

2.5.1 Mean decrease impurity importance (MDI)
Breiman [62] suggested a method to evaluate the importance

of a variable V for prediction by calculating the weighted
impurity decreases for all nodes. The impurity function is
usually the Gini index, and the mean value over all trees in
the forest is calculated. In our work, the Scikit-learn Python
package was used [63].

2.5.2 Mean decrease accuracy importance (MDA)
Besides MDI, Breiman [62] also suggested using mean reduction

accuracy (MDA) to assess the importance of variable V. MDA
involves measuring the impact on the forest’s accuracy when the
values of variable V are randomly permuted in out-of-bag samples.
This method is commonly referred to as permutation importance.
The Scikit-learn Python package was still used here [63].

2.5.3 SHapley additive exPlanations (SHAP)
Lundberg and Lee [64] proposed SHAP. It explains machine

learning models by game theory, an important way to understand
the underlying mechanism of machine learning models. The main
idea of SHAP is to calculate the marginal contribution of features to
the model output and then explain the black box model from the
global and local levels. The advantage of SHAP is that it can reflect
the influence of each feature of the sample on the final prediction,
and at the same time, it can reflect the positive and negative
properties of the sample.

3 Results and discussion

3.1 Filter bubble in video category

In this section, we only considered whether there are categories
on the Bilibili that make users fall into or slip out of filter bubbles
from the perspective of video content.

Figure 1 demonstrates three typical cases of the relationship
between the change in diversity and video consumption in

specific categories, where users who watch less than 3% of the
category are filtered for they have little interest in the category. As
shown in Figure 1A, users watch Life category demonstrate a
positive correlation in diversity and proportion of video
consumption changes (i.e., the Spearman coefficient is 0.280,
Two-sided p < 0.01), which means watching more proportion of
Life category, the diversity of video consumption will increase
accordingly. As shown in Figure 1B, users watch Music category
demonstrate irrelevant in diversity and proportion of video
consumption changes (i.e., the Spearman coefficient is −0.000,
Two-sided p = 0.999). Contrary to Life, as shown in Figure 1C,
users watch Game category demonstrate a negative correlation in
diversity and proportion of video consumption changes (i.e., the
Spearman coefficient is −0.210, Two-sided p < 0.05), which
means watching more proportion of Game category, the
diversity of information consumption will decrease accordingly.

Among the video categories accounting for more than 1%, we
found that diversity changes showed a significant positive
correlation with the changes in the proportion of Life, Cinephile,
Fashion, and Information; irrelevant in Music Knowledge, Food,
Sports, Technology, and Dance; and negative correlation in Game.
Users may fall into filter bubbles only in the Game category, while
the diversity was not significantly reduced when consuming other
categories. It indicates relatively little competition between different
video categories on Bilibili. The game business is one of Bilibili’s four
significant businesses (mobile games, value-added services,
advertising, and e-commerce), and the revenues from mobile
games reached RMB5.0 billion in 2022 [65]. Bilibili has a large
population of online game enthusiasts in their community [65], but
Game videos are not the most consumed in our dataset (see
Supplementary Figure S1), so a platform dominated by a specific
category of videos does not necessarily lead to filter bubbles in that
category’s content. Filter bubbles in the Game category may be
related to the strategies adopted by the platform. The reasons and
mechanisms for forming filter bubbles still need to be explored and
improved. Overall, Bilibili provides users with various content
covering different topics and fields and has gradually
transformed from an ACG platform into a comprehensive
UGC platform.

3.2 Demographic effect

In this section, we explored the correlation between users’
self-reported demographics and their diversity. Specifically, users
were divided into groups based on gender, age, education,

TABLE 3 Values of the statistical performance metrics for the testing data set of the Linear regression, Decision tree regression, and Random forest
regression models.

Model* Mean square
error (MSE)

Root mean square
error (RMSE)

Mean absolute
error (MAE)

Mean absolute percentage error
(MAPE/%)

Linear regression 0.067 0.258 0.215 11.87

Decision tree
regression

0.141 0.376 0.294 16.30

Random forest
regression

0.065 0.254 0.204 11.43

*Bold values represent the best performance among the three models.
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income, university (ZJUT or BNU), and membership. The
empirical cumulative distribution function (eCDF) of the
variation in watching diversity among different demographic
user groups is shown in Figure 2. As shown in Figures 2A, F,

different gender and membership groups have differences in the
diversity distribution of video consumption, which suggests that
male and membership users consume more diverse video content
in our dataset. In contrast, female and non-member users are
more prone to being trapped in filter bubbles among our
student samples.

3.3 User behavior effect

This section divided users into two groups based on user
behavior metrics. For example, with an average daily watching of
60 videos as the threshold, users were divided into high- and low-
activity user groups. The fragmentation and device type thresholds
are 2.47 and 0.5, and users who choose “strongly agree” and “agree”
are regarded as high-value users in the recommendation method
and interaction. Figure 3 illustrates the empirical cumulative
distribution function of the variation in watching diversity
among different behavior user groups. As shown in Figure 3,
factors such as activity and fragmentation show significant
differences among different user groups, which suggests that the
low-activity and low-fragmentation user groups exhibit more severe
filter bubbles. In contrast, the high-metric user groups demonstrate
more diverse consumption.

3.4 Feature importance analysis

In previous sections, we explored potential factors that could
influence filter bubbles. However, the contribution and
significance of these factors still need to be clarified.
Therefore, we used the linear, decision tree, and random
forest models for regression and rank importance through
feature importance analysis. The demographic and user
behavior factors were all taken as input by models to predict
the diversity of information consumption. Table 3 reports the
results based on the models. Among the three models, random
forest regression showed the best performance of all the metrics.
Through the ranking results in Figure 4; Table 4, we can
comprehensively evaluate the importance of each factor.
Overall, user behavior factors emerged as stronger predictors,
while demographic ones ranked lower in significance. Regardless
of the feature importance analysis method, it consistently
demonstrated that user activity is the most crucial factor.
Figure 5A reveals a positive correlation between user activity
and prediction results, indicating that increasing activity will
increase the diversity of information consumption. The
fragmentation in Figure 5B is negatively correlated with the
SHAP value, which seems to contradict the fact that the high-
fragmentation user group consumes more diverse video content
in Section 3.3. This discrepancy can be attributed to the fact that
when users were divided into high-fragmentation and low-
fragmentation user groups, other factors were not controlled,
influencing the results. However, the SHAP value for
fragmentation was estimated by considering all possible sets
with and without fragmentation. Therefore, after controlling
for other factors, it reveals a negative independent
contribution of fragmentation to diversity.

FIGURE 4
Importance of different variables based on MDI, MDA, and SHAP
summary plots. (A) MDI. (B) MDA. (C) SHAP.
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3.5 Discussion

By mining 3,22,324 historical records from 337 Bilibili users, this
study examined the diversity of information consumption and
identified variations associated with different demographic
attributes and user behaviors. This section will discuss potential
theoretical explanations that could lead to these findings.
Ultimately, the comprehensive analysis of the entire study leads to
the conclusion that individuals who heavily engage with a single
platform do not necessarily encounter reduced diversity in their
information consumption. Furthermore, it suggests that the extent
of the filter bubble has been overstated in a high-choice media
environment.

3.5.1 Filter bubble shows demographic difference
Although gender differences in computer and Internet use have

become less pronounced in recent years [66–68], differencesmay persist
in various online activities [69], such as consumption diversity. Male
users showmore diverse consumption in our study. The reasonsmay be
that females are more inclined to utilize the Internet as a
communication tool, while males predominantly use it as a source
of information [70] in Bilibili. In addition, according to Fallows [66],
females tend to have a more limited scope of topics when they surf
online, focusing more on health and religion. In contrast, males tend to
participate in a broader variety of activities. Similarly, research by Jones
et al. [71] also showed that male students prefer to pursue a broad range
of topics and activities.

Highly engaged users are more inclined to purchase
memberships because they trust the website and can derive
pleasure from membership services [72]. These users have high
subjective initiative and choose to become members and enjoy
related privileges and services. Whether it is to obtain exclusive
content, participate in specific campaigns, or enjoy sales,

membership users can get more choices and fun in consumption.
Additionally, if users have an emotional connection with an online
video site, this will increase the likelihood of their willingness to
consume products or services on the site [72]. We speculated that
the above reasons make paid members show richer diversity in video
consumption.

3.5.2 One single platform dose not necessarily lead
to filter bubble

Previous research has extensively examined the potential
detrimental impacts associated with the excessive use of social
media platforms [73, 74], particularly concerning the formation
of filter bubbles and the subsequent narrowing of users’ perspectives
[75, 76]. One single platform media usage is often considered the
reason for the overestimation of filter bubbles [33]. However, our
results showed that heavy users on Bilibili are less likely to be caught
in filter bubbles, suggesting that excessive use of a single platform
does not necessarily lead to filter bubbles. In the realm of online
video platforms, pushing the preferred videos to users in time can
always attract their attention and increase activity, which is the main
reason why the recommendation algorithm is criticized for causing
the filter bubble effect [26]. Actually, existing research found that
users with higher consumption diversity have higher conversion and
retention [77]. Therefore, considering diversity is beneficial rather
than harmful to long-term user metrics for platforms. Advanced
methods [78] have also been developed to ensure diversity in
recommendations. These findings indicate that platforms could
enhance user engagement by offering personalized content first
and further expanding the diversity of their information
consumption. This strategy is effective for the long-term
development of the platform and helps maintain its healthy state.
Many platforms have already considered diversity when
recommending content [77], and our study demonstrated it.

TABLE 4 Total ranking of feature importance.

Variable* Feature importance ranking

MDI MDA SHAP Total**

Activity 1 1 1 1

Fragmentation 2 2 2 2

Device type 3 9 3 3

Membership 8 3 5 4

Interaction 4 11 6 5

Hr 5 12 4 5

Income 6 8 8 7

Education 10 4 9 8

University 11 5 7 8

Rr 7 10 10 10

Age 9 7 11 10

Gender 12 6 12 12

*Bold characters in variables represent user behavior factors; other variables are demographic factors.

**Total ranking is determined by the average of the three feature importance rankings.
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From a user perspective, our research indicates that
fragmented usage results in a lower diversity of information
consumption, which differs from activity. This phenomenon
may be attributed to users’ fear of missing out (FoMO) [79], a
common psychological motivation underlying problematic phone
use [80]. FoMO positively correlates with a negative impact on
individuals’ daily lives and productivity, and it is linked with
WhatsApp, Facebook, Instagram, and Snapchat Use Disorders
[81], making it easier for users to immerse in the information
recommended by these platform algorithms, thereby falling into
the Filter Bubble. Furthermore, FoMO is positively associated with
social media intensity but negatively associated with social
connection [82]. The passive acceptance of fragmented
information over a long period also weakens the ability to think
deeply [83]. Therefore, a person with FoMO should learn to
manage the desire to know information about others and the
outside world and the anxiety caused by such desire [83]. Our
results show that excessively fragmented watching Bilibili does not
help obtain more diverse information. This finding corroborates
Han’s assertion [84] that accelerated individuals are reduced to
mere information processors, leading to a sense of emptiness due
to the absence of narrative.

3.5.3 Filter bubble effect may be small in a high-
choice media environment

Since everything is placed in an extremely rapidly changing context,
there are no longer strict boundaries for how users move between media
platforms [85]. Most users do not rely on only one single platform to
receive information but actively utilize multiple platforms [43, 75].
According to our research, heavy users were less likely to be trapped
in filter bubbles in Bilibili. Some would take Bilibili as only a specific
content media channel, such as watching game commentaries,
suggesting why Game content is negatively correlated with diversity
while other categories are not. On one single platform, heavy users
account for only a small part, while normal users account for the
majority. For normal users, theymay utilize other platforms to obtain the
rest of the information. Thus, overall, for both heavy and normal users,
the extent of the filter bubble may be milder than we thought [33, 34].

One possible explanation for sometimes feeling trapped in the filter
bubble is that the user’s media repertoire is not abundant enough.
Media repertoire refers to the collection of media a person frequently
uses [86]. Faced with increasingly diversified media choices, feel-
trapped users do not explore as many different media types as
possible but instead limit their self-choices to a fixed set. The ability
to be exposed to diverse viewpoints on social media often depends on
the choices of individuals [23]. Therefore, our conclusion at least
explains that within a single platform, even heavy users may not be
trapped in filter bubbles. Previous studies blaming filter bubbles on a
single platform’s recommendation algorithm may be reconsiderable.

4 Conclusion

In our work, we discovered that there is little competition between
different video categories on Bilibili when it comes to changes in
diversity and consumption. Then, we analyze the impact of
demographics and user behaviors on filter bubbles. Finally, through
feature importance analysis, two behavioral patterns – activity and
fragmentation – were identified as the key factors affecting filter
bubbles. This result casts a new light on the understanding that
heavy users who watch a large number of videos on Bilibili are
relatively less likely to be trapped in filter bubbles. We speculate that
in a high-choice media environment, the degree of filter bubbles for
both heavy users and normal users may be lower than we imagined.

We should point out that we obtained samples through recruitment
and did not undergo strict sampling. Moreover, our research results are
based on student samples and may not fully apply to all social groups.
Hence, future research needs to expand the sample range to verify the
applicability of these findings in a broader range of demographic
characteristics. Finally, the research on users’ cross-platform still
needs to be perfected. Further improvements and enhancements are
necessary for our future research to fully explore the filter bubble
phenomenon in the high-choice media environment.
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