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Abstract

Nowadays, recommendation systems have become crucial to
online platforms, shaping user exposure by accurate prefer-
ence modeling. However, such an exposure strategy can also
reinforce users’ existing preferences, leading to a notorious
phenomenon named filter bubbles. Given its negative effects,
such as group polarization, increasing attention has been paid
to exploring reasonable measures to filter bubbles. However,
most existing evaluation metrics simply measure the diversity
of user exposure, failing to distinguish between algorithmic
preference modeling and actual information confinement. In
view of this, we introduce Bubble Escape Potential (BEP),
a behavior-aware measure that quantifies how easily users
can escape from filter bubbles. Specifically, BEP leverages
a contrastive simulation framework that assigns different be-
havioral tendencies (e.g., positive vs. negative) to synthetic
users and compares the induced exposure patterns. This de-
sign enables decoupling the effect of filter bubbles and prefer-
ence modeling, allowing for more precise diagnosis of bubble
severity. We conduct extensive experiments across multiple
recommendation models to examine the relationship between
predictive accuracy and bubble escape potential across dif-
ferent groups. To the best of our knowledge, our empirical
results are the first to quantitatively validate the dilemma be-
tween preference modeling and filter bubbles. What’s more,
we observe a counter-intuitive phenomenon that mild random
recommendations are ineffective in alleviating filter bubbles,
which can offer a principled foundation for further work in
this direction.

Code — https://github.com/fengdifu24/bepmetric

1 Introduction

Recommendation systems have become an integral part of
online platforms, shaping how users access information in
domains such as e-commerce, social media, and news. By
modeling user preferences and tailoring content accordingly,
these systems help users cope with overwhelming choices.
However, this personalization comes at a cost: it often re-
inforces users’ existing interests and behaviors, leading to
a well-known phenomenon called the filter bubble (Pariser
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2011). Within a filter bubble, users are repeatedly exposed
to similar content, which may gradually restrict their world-
view, amplify bias, and contribute to societal polarization
(Bakshy, Messing, and Adamic 2015; Ledwich and Zaitsev
2020; Han et al. 2025).

Given the potential harm of filter bubbles, there has been
growing interest in methods to detect and mitigate them. A
common approach is to evaluate the diversity of content a
user is exposed to, using metrics such as category count,
coverage, or entropy (Gao et al. 2023; Piao et al. 2023; Gu
et al. 2024). However, most existing methods focus solely
on item-side properties and overlook a crucial aspect: user
behavior. Recommendation systems are fundamentally in-
teractive—the outcome is shaped not only by the algorithm
but also by the user’s own actions and preferences. There-
fore, solely relying on content diversity fails to distinguish
between algorithmic bias and natural user preference.

To incorporate user behavior into the measurement of fil-
ter bubble severity, we propose a new insight: a filter bubble
is more severe when a user actively tries to escape it but
still fails to see diverse content. In this light, we propose a
novel, behavior-aware metric named Bubble Escape Poten-
tial (BEP). BEP quantifies how possible it is for users to es-
cape from a filter bubble by comparing user behaviors with
contrastive tendencies. Specifically, we design a contrastive
simulation framework in which synthetic users exhibit ei-
ther positive behavior—actively exploring new content—or
negative behavior—reinforcing prior preferences. By com-
paring the exposure patterns generated by the same recom-
mendation model for these two user types, we can decouple
the effects of system bias from behavioral tendencies and
provide a clearer diagnosis of bubble severity.

To implement this idea, we utilize large language model
(LLM) agents (Yao et al. 2023; Wang et al. 2024), which
have recently emerged as powerful tools for simulating user
interaction. These agents are capable of controlled planning,
decision-making, and consistent behavior generation (Park
et al. 2023; Xie et al. 2024). Compared to traditional sim-
ulators or real-world datasets, LLM agents offer a distinct
advantage: they allow us to precisely manipulate user goals
and observe system responses under tightly controlled con-
ditions. This makes them ideal for our framework, where
accurate control of user behavior is key.

We evaluate BEP across multiple representative recom-
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Figure 1: Overview of the Bubble Escape Potential (BEP) evaluation framework. We simulate two groups of
users—positive and negative—who share user profiles (conformity and tastes). By modifying the user’s activity, diversity
and different attitudes in prompts, we generate positive users and negative users. Both groups interact with a selected recom-
mendation system across multiple rounds, receiving page-by-page recommendations and making choices. By comparing their
exposure, we quantify the system’s Bubble Escape Potential (BEP).

mendation models and analyze the relationship between pre-
dictive accuracy and bubble severity. Our results not only
validate BEP’s ability to capture the trade-off between accu-
rate preference modeling and information confinement, but
also reveal a counter-intuitive finding: mild randomization in
recommendation lists does not effectively reduce filter bub-
bles. This insight highlights the need for more principled
strategies in mitigating algorithmic confinement.
In summary, our contributions are as follows:

¢ We introduce Bubble Escape Potential (BEP), a novel
behavior-aware metric for measuring filter bubble sever-
ity by contrastive user behavioral intent.

We present a contrastive simulation framework using
LLM agents to systematically evaluate the influence of
user behavior in recommendation scenarios.

We conduct extensive empirical validation and uncover
new insights into the complex trade-offs between person-
alization, diversity, and user freedom.

2 Related Work
2.1 Filter Bubble

The concept of the filter bubble was first introduced and
widely spread by Eli Pariser in 2011 (Pariser 2011). Later
studies have focused on understanding its causes and find-
ing ways to reduce its impact.

There are three main methods used to study the filter
bubble: (1) static datasets (Sukiennik, Gao, and Li 2024),
(2) simulating interactions between users and recommen-
dation systems (Anwar, Schoenebeck, and Dhillon 2024),
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and (3) mathematical modeling (Piao et al. 2023). (Sukien-
nik, Gao, and Li 2024) finds that the filter bubble becomes
stronger as item classification becomes more detailed. (An-
war, Schoenebeck, and Dhillon 2024) distinguishes the filter
bubble from homogeneity, arguing that it can involve both
high and low inter-user diversity. (Piao et al. 2023) models
the formation of the filter bubble using stochastic differen-
tial equations. What’s more, (Gu et al. 2024) develops an
adaptive imitation process to further explore its causes and
potential solutions. (Gao et al. 2023) proposes a counter-
factual interactive recommendation system that reduces the
filter bubble by inferring information overexposure. (Zhang
et al. 2024b) introduces a category-based retrieval method
using a next-category prediction model to ease the filter bub-
ble effect.

2.2 LLM Agents for User Simulation in RS

With the growing use of large language models (LLMs)
in recommendation systems, researchers have started using
LLM Agents as simulated users to enrich training data and
explore system behaviors. RecAgent (Wang et al. 2023a)
is the earliest framework to simulate users using LLM
Agents in recommendation systems. Agent4Rec (Zhang
et al. 2024a) focuses on simulating real user behavior and
modeling feedback from interactions. Recently, more user
simulation frameworks have emerged, expanding the user
characteristics and improving the alignment with real users
(Zhang et al. 2025; Cai et al. 2025; Liu et al. 2025). Some
of these frameworks (Wang et al. 2023a; Zhang et al. 2024a)
have attempted to simulate the filter bubble effect. However,



these efforts are still limited in depth.

2.3 Recommendation Systems

A recommendation system is an information filtering tool
that delivers the most relevant content to a specific user,
helping reduce information overload on modern internet
platforms. Traditional collaborative filtering methods pre-
dict user preferences based on historical data (Sarwar et al.
2001; Koren, Bell, and Volinsky 2009; He et al. 2017; Wang
et al. 2019, 2021a). Sequential recommendation focuses on
leveraging the temporal order of user-item interactions (Hi-
dasi et al. 2016; Kang and McAuley 2018). More recently,
with the rapid development of deep learning (Han et al.
2024), researchers have explored applying LLMs to recom-
mendation systems (Sun et al. 2019; Li et al. 2023).

2.4 Diversified Recommendation

Diversified recommendation has been a critical area of re-
search in the field of recommender systems. It aims to bal-
ance relevance and diversity in the recommended items.
MMR (Ziegler et al. 2005) is first to optimize both relevance
and diversity by iteratively selecting items that maximize
diversity. DPP (Kulesza and Taskar 2012) offers a proba-
bilistic approach to model diversity by determinants. So far,
diversified recommendations are extensively studied (Steck
2018; Zheng et al. 2021; Liu et al. 2023; Yang et al. 2023;
Li et al. 2024; Coppolillo, Manco, and Gionis 2024).

Although our work is based on diversity, there are fun-
damental differences. First, we consider the role of user be-
havior within the filter bubble. Second, BEP and diversity
metrics differ in key aspects. We well explain it in Sec. 3.3
and Sec. 4.3.

3 Preliminary
3.1 Problem Definition

In a recommendation system R, there are N items denoted
as I = {i1,142,...,in}, categorized into M classes. Each
item 75 belongs to a category cy. For a user group U in R,
their interactions are observed over 7' time periods, indexed
by t € {1,2,...,T}. At each time ¢, user u € U receives
a list of recommended items from the system, represented
as L, C I.The user selects some of these items to inter-
act with, resulting in the interaction set S, ; C Ly ;. Ast
increases, the diversity of information in L,, ; is generally
expected to decrease.

3.2 Existing Metrics

A common perspective in recent studies (Piao et al. 2023;
Wang et al. 2023a; Sukiennik, Gao, and Li 2024; Zhang et al.
2024a; Gao et al. 2023) is that the reduction in diversity of
recommended items over time, denoted as diversity(L,, ),
serves as an indicator of the filter bubble effect. Several met-
rics have been proposed to quantify diversity(Ly, ¢):

¢ Standardized information entropy (Piao et al. 2023):
=t where s} is a user-specific normalization

u,
*
Su

Su,t -

term, and s, + = — Zivil Jutlogfy + Here, f ; denotes
the proportion of category cin L, ;.
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Figure 2: Change in diversity under different settings: A-
LightGCN, B-TiCoSeRec, and C-LightGCN(positive) in ml-
Im. Users’ positive behaviors in LightGCN surpasses the
gap between different recommendation systems.

» Category coverage rate C', ; (Sukiennik, Gao, and Li

2024): Cy v = %f(l)f) , where cate(L) is the number

of distinct categories in the item set L.

» Top-1 genre percentage F;,,_1 (Zhang et al. 2024a):
the average proportion of the most frequent genre among
the recommended movies.

These metrics are generally consistent in how they capture
diversity. Most studies rely on simulation or statistical anal-
ysis to track how diversity(L, ;) evolves over time (Piao
et al. 2023; Wang et al. 2023a; Sukiennik, Gao, and Li 2024;
Zhang et al. 2024a,b). By comparing the trend of diversity
decline across different recommendation algorithms or user
groups, researchers aim to uncover the underlying causes of
filter bubbles.

3.3 Limitations of Existing Metrics

Although these methods provide some insights into the
severity of filter bubbles, they generally have a substantial
limitation. Specifically, the decline in diversity may result
from various factors beyond the filter bubble, including the
users’ own preferences and behavior. However, they do not
clearly distinguish between the influence of filter bubbles
and the natural outcome of preference modeling, which
may create a misleading correlation between accuracy
and filter bubble severity.

To better understand these concerns, we conduct a case
study using simulated users. We present three line graphs
in Figure 2. It shows the decline in diversity under different
settings: Line A, B, and C. Line A uses LightGCN (He et al.
2020), line B replaces LightGCN with TiCoSeRec (Dang
et al. 2023), and line C retains LightGCN but modifies user
behaviors to be more positive (details discussed later). We
find that the diversity in Group C decreases more slowly than
in Group B, suggesting that user behavior significantly af-
fects diversity trends—sometimes even more than the choice
of recommendation algorithm.

Hence, it is necessary to explore a more reasonable mea-
sure for filter bubbles, which can better decouple filter bub-
bles from the other factors, which we will elaborate on later.



4 Method

The overall process of our approach is illustrated in Figure 1.
In this section, we describe the workflow in three parts. First,
we explain how user behaviors are modeled. Second, we de-
scribe how interaction data is collected through simulation.
Last, we illustrate how our new metric, Bubble Escape Po-
tential (BEP), is calculated.

4.1 Behaviors of Users

We conduct two separate user simulations to study the im-
pact of filter bubbles: one with users assigned positive be-
havior, and the other with users assigned negative behavior.
In both simulations, users are modeled using agents powered
by large language models (LLMs). The general format of the
user simulation prompts follows the settings introduced in
(Zhang et al. 2024a).

Each simulated user is defined by two types of character-
istics: social traits and unique tastes. Unique tastes are ex-
tracted and summarized by LLMs from real users’ browsing
histories. Social traits are derived from real-world data and
include three aspects: a) Activity: the frequency and range
of a user’s interactions. b) Conformity: the extent to which
a user’s ratings align with the average item ratings. ¢) Di-
versity: a user’s tendency to engage with different types or
categories of items.

To simulate positive behavior, we assign users a prompt
that encourages them to actively escape filter bubbles. We
also set their activity and diversity levels to the highest val-
ues. The prompt used in this simulation is shown in the blue
box. In the prompt box, the specific type of [item] varies
depending on the type of the item.

To simulate negative behavior, we assign users a prompt
that encourages reliance on the recommendation system. We
also set their activity and diversity levels to the lowest val-
ues. The corresponding prompt is shown in the red box.

4.2 User Simulation

In the user simulation, a group of users U interacts with the
recommendation system R for 7" rounds. During the simula-
tion, the system continuously collects users’ interaction data
{Su,+} and updates its model through re-training.

~

Prompt of Positive Behavior

You will actively broaden your [item] horizons. You
will actively watch [item] that do not match your
[item] tastes. Specifically, when you see the recom-
mended list, while you are watching [item] that align
with your tastes, you will also watch a few [item]
that do not match your tastes.

At the start of the simulation, we perform a cold-start ini-
tialization using an interaction set extracted from an official
dataset, denoted as Ag. In each round ¢, the recommenda-
tion model is trained on A;_; to produce a new model R;.
Then, each user u receives a recommendation list L; ,, and

14732

Prompt of Negative Behavior

You rely heavily on the recommendation system. You
believe that [item] recommended by the recommen-
dation system will match your own [item] tastes.
Specifically, when you see the recommended list, you
will watch a few top-ranked [item] first, and then
watch other [item] based solely on your own taste.

selects a set of items S; ,, to interact with based on prede-
fined behaviors. All interactions in round ¢ are then merged
into A;_; to form a new interaction set A;. After completing
all T rounds, we collect all recommendation lists {L,, ; } and
use the previously described method to compute the Bubble
Escape Potential.

4.3 Bubble Escape Potential

Given a recommendation system R, we define its cor-
responding Bubble Escape Potential as BEP(R), which
quantifies the probability of users to escape from the filter
bubble induced by R. To estimate BEP(R), we compare the
diversity of items recommended to two groups of simulated
users: one exhibiting positive behaviors and the other ex-
hibiting negative behaviors.

We begin by assigning all agents in user group U with
positive behaviors and simulating their interactions with the
recommendation system over 7' consecutive rounds. The full
recommendation history for user w is:

Lu - {Lu,laLu,%"wLu,T} (1)

Taking a further step, we define the diversity of recommen-
dations for user u at round ¢ as the number of distinct cate-
gories in the list:

Dy =[{c(@) i€ Luy} 2)

where ¢ : Z — C is a mapping from items to their cate-
gories and C is the set of all possible categories. This gives
a sequence of diversity values for each user:

Dy ={Dy;1,Dy2,..; Dur} 3)

We then reassign the same users with negative behaviors and
repeat the simulation for another 7" rounds, collecting their
corresponding diversity values D/, in the same way.

For each round ¢, the estimated escape potential BEP R ¢
is defined as the ratio between the total diversity of the
positive-behavior users and that of the negative-behavior

users:
ZuGU Duut
!/
2 uev D

Finally, the overall escape potential for system R is cal-
culated by averaging over all rounds:

BEP,(R) = (4)

T
_ 1 _
BEP(R) = — > BEPx.. (5)
t=1

Based on the previous description of user behaviors, it is
expected to have BEP(R) > 1. Moreover, it can be known
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Figure 3: The variation in the diversity of recommendations received by users under different behavioral patterns changes over
time as the simulation rounds increase in different recommendations in ml-Im. Blue lines represent positive users, while red
lines represent negative users. Each of these pictures represents a different recommendation system: (a) MF. (b) LightGCN. (c)

DiffRec. (d) TiCoSeRec.

that an important property exists that the smaller the value
of BEP(R), the more severe the filter bubble in recom-
mendation system R.

In a nutshell, the advantages of our metric can be listed as
follows:

* By contrasting users with different behavioral intents,
BEP decouples the influence of user preference model-
ing from system-induced confinement.

It enables precise diagnosis of filter bubble without rely-
ing on assumptions about user intent or model internals.
Our experiments using BEP are the first to quantitatively
validate the inherent tension between accurate preference
modeling and the emergence of filter bubbles.

When the diversity of information received by positive
and negative users increases by the same proportion si-
multaneously, BEP remains unchanged. This property
makes it robust to uniform diversification strategies.

5 Experiments

In this section, we present the experimental setup and re-
sults. The experiments aim to answer the following research
questions:

* (RQ1) To what extent can the simulated users approxi-
mate the real users?

* (RQ2) Do the positive and negative behavior settings sig-
nificantly influence user actions?

¢ (RQ3) Is it sufficient to set two types of behaviors?

* (RQ4) What is the relationship between accuracy and
BEP in different recommendation systems?

* (RQ5) Can introducing randomness into recommenda-
tion strategies help balance accuracy and BEP?

* (RQ6) How do user groups with different characteristics
vary in their potential to escape filter bubbles?

5.1 Datasets
We conduct our experiments on two real-world datasets:

* MovieLens-1M (Harper and Konstan 2015): a widely
used benchmark dataset of movies in collaborative fil-
tering. We select the 1M version as ml-Im.
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* Amazon-Books (Ni, Li, and McAuley 2019): a large-
scale real-world dataset collected from Amazon’s book
category, comprising user reviews and ratings.

5.2 Baselines & Metrics

To evaluate our proposed metric comprehensively, we select
several representative and recent recommendation models:
Random recommendation, BPR-MF (Rendle et al. 2012),
LightGCN (He et al. 2020), Caser (Tang and Wang 2018),
DiffRec (Wang et al. 2023b), and TiCoSeRec (Dang et al.
2023). We evaluate recommendation accuracy by HR @k,
NDCG @k, and MAP. To measure the severity of filter bub-
bles, we use our proposed metric, Bubble Escape Potential
(BEP).

5.3 Implementation Details

We adopt the leave-one-out strategy (Wang et al. 2021b; Liu
et al. 2021; Dang et al. 2023) to prepare the test data. For
each user’s behavior sequence, the last interacted item is
used as the test set, while the remaining interactions form
the training set. For each user-item pair (u,,) in the test
set, we record the position of item %,, in the recommendation
list L,, generated by the system as p,,.

For user simulation, following Agent4Rec (Zhang et al.
2024a), we first select 1000 users with frequent interactions
to form the cold-start dataset. Then, we randomly select 200
users from this group and infer their social characteristics
and personal preferences based on their historical behaviors.
The global parameters used in the experiment are set as N =
200,T = 8. To guarantee reproduction, we use Qwen2.5-
14B-Instruct-1M (Yang et al. 2025) as the LLM supporting
the user group. For the recommendation models, we use the
official implementations and retain their default settings.

5.4 Results

Reality of simulated users (RQ1). In Table 1 and Table 2,
we adopt the same method as (Zhang et al. 2024a) to test the
alignment between the simulated users and the real users, in-
cluding the interaction accuracy and the distribution of rat-
ings. Based on these tables, we observe the following:

* The alignment accuracy of the simulated users is around
70%. This validates the reality of users.
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Figure 5: The accuracy and the Bubble Escape Potential
(BEP) corresponding to different recommendation systems
after adding randomization under ml-Im: (a) LightGCN. (b)
TiCoSeRec.

Behavior Prediction Recall Accuracy F1 Score
positive 0.67 0.76 0.68 0.70
negative 0.72 0.58 0.68 0.63

Table 1: The degree of alignment between the preferences of
simulated users and real users for different behaviors.

* The distribution of simulated users’ ratings is similar to
that of real users (D, (P||Q) ~ 0.125). This indicates
that simulated user ratings are similar to real users’.

Distinction of behaviors (RQ2). Figure 3 illustrates how
the diversity of recommended items evolves across simula-
tion stages for both positive and negative users under four
recommendation systems in ml-Im dataset. We will present
the precise results of these figures in the supplementary ma-
terial. From these results, we observe the following:
* Under the influence of negative behaviors, the diversity
of information received by users significantly decreases.
» Under the influence of positive behaviors, the diversity of
information received by users actually increases (Figure
3(a-c)), and in some cases it is suppressed (Figure 3(d)).
* Regardless of user type, the diversity stabilizes in later
stages with only minor fluctuations.
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Rating Ratio of Agent (P) Ratio of Real Users (Q)

1 0.001 0.056
2 0.054 0.108
3 0.164 0.261
4 0.436 0.349
5 0.345 0.226

Table 2: Rating distribution comparison between agent-
simulated users (P) and real users in the ml-Im dataset (Q)).

Models HR@20 BEP BEP-weak
Random 0.001 1.35 1.20
TiCoSeRec 0.257 1.24 1.05

Table 3: Comparison of recommendation performance and
Bubble Escape Potential (BEP) using original and weakened
behavior (denoted as BEP-weak) on the mi-1m dataset.

* Across all methods, positive users consistently receive
more diverse recommendations than negative users.

Test of weakened behavior (RQ3). For calculating BEP,
just two behaviors are sufficient. Nevertheless, we still de-
sign two weakened behaviors (weakly positive and weakly
negative), and calculate the BEP in the same form on mi-
Im. The results of random and TiCoSeRec are in Table 3.
We find that their BEP decreases, and BEP of Random is
still greater than that of TiCoSeRec. This is in line with our
expectations.

Correlations between BEP and accuracy (RQ4). Figure 4
demonstrates the trade-off between recommendation accu-
racy and the severity of filter bubbles, as quantified by Bub-
ble Escape Potential, in ml-Im and Amazon-Books. Notably,
a lower BEP indicates a more severe filtering effect, mean-
ing that users are more deeply trapped in their personalized
content loops. From the results, we observe the following:

* There is a dilemma between accuracy and filter bub-
ble. As shown in Figure 4, we observe negative corre-
lation between accuracy and BEP: models that achieve
higher HR @20 or NDCG @20 like Caser and TiCoSeRec
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tend to produce lower BEP, implying stronger filter bub-
ble effects. In contrast, less accurate models like Random
or DiffRec yield higher BEP, suggesting weaker behav-
ioral reinforcement and broader exposure.

Moreover, a clear structural distinction is observed be-
tween different model types. Non-sequential models
(MF, DiffRec, LightGCN) are clustered in the upper-
left regions of the plots, while sequential models (Caser,
TiCoSeRec) are in the lower-right. This indicates that se-
quential models generally provide higher accuracy but at
the cost of more severe filter bubble formation. One pos-
sible explanation is that sequential models place greater
emphasis on recent user behavior sequences, potentially
narrowing the diversity of exposed content and overlook-
ing long-term or global user preferences.

Impact of introducing randomness on recommendation
systems (RQS5). To investigate the effect of controlled noise
on filter bubble severity, we modify the output of two repre-
sentative models, LightGCN and TiCoSeRec, by randomly
replacing a portion k (k = 10%, 20%, 30%, ..., 90%) of their
recommendation lists with items sampled randomly. Fig-
ure 5(a) & (b) track the models’ trajectories on the accuracy
versus BEP plots as the level of randomness increases. The
results reveal the following observations:

e The impact of randomness is non-monotonic. As ran-
domness k increases to 30%, BEP drops slightly. Surpris-
ingly, the BEP reaches its lowest point around k = 30%,
implying that small-scale randomization may inadver-
tently reinforce personalization biases. However, as ran-
domness continues to increase, BEP begins to rise, re-
turning to its original level near k¥ = 70% and eventually
surpassing it. At k = 80% ~ 90%, the models approach
the performance of a fully random recommender. These
suggest that introducing randomness does not help rec-
ommendation systems better balance the prevention of
filter bubble and accuracy.

The Bubble Escape Potential of different user groups
(RQ6). Based on BEP, we analyze how user characteristics
affect filter bubbles. For unique tastes of users, we match the
corresponding keywords of each genre to form Genre Pref-
erences. Then, for each genre preference, we calculate the
average value of the BEP of all users with it. Figure 6 shows
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BEP of users with different Genre Preferences. The results
reveal the following observations:

* Specifically, active users (higher activity level) demon-
strate low BEP values, indicating that systems tend to
restrict exposure even when users frequently interact
with the platform. Similarly, users with narrow interests
(lower diversity level) also experience more difficulty
escaping the filter bubble, as indicated by lower BEP
scores. These results suggest that user effort alone is not
sufficient to overcome algorithmic confinement.

Regarding the conformity level, there is no obvious cor-
relation with BEP. Considering the definition of confor-
mity, this is in line with common sense.

Furthermore, we observe notable differences in BEP
across genre preferences. As shown in Figure 6 (d), users
favoring niche or high-engagement genres such as thriller
(Thr.), action (Act.), and crime (Cri.) exhibit significantly
higher BEP than those favoring documentaries or anima-
tions, resembling a long-tail trend (Wang et al. 2023c;
Yang et al. 2024; Li et al. 2025; Wang et al. 2025). This
implies that the underlying content ecosystem also plays
a role in how filter bubbles form and persist, reinforcing
the importance of modeling both user behavior and item
characteristics in filter bubble analysis.

6 Conclusion

This paper offers a novel perspective on understanding and
mitigating filter bubbles in recommendation systems by in-
troducing the metric of bubble escape potential (BEP). Un-
like traditional metrics that are entangled with user prefer-
ence modeling, our metric provides a behavior-independent,
quantitative approach to assess the severity of filter bubble.
Through empirical analysis, we demonstrate how different
recommendation systems vary in their tendency to create fil-
ter bubbles and explore the potential of random recommen-
dation strategies to alleviate this issue. These findings ad-
vance understanding of the accuracy—bubble dilemma and
provide a foundation for developing more inclusive, socially
responsible recommendation systems.
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