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Abstract of Master’s Thesis of Academic Year 2025

Breaking the Bubble: Experimental Interventions for

User-Centric Disruption of Filter Bubbles

Category: Design

Summary

In the era of content personalization, filter bubbles—self-reinforcing informational

environments shaped by user preferences and platform algorithms—have drawn in-

creasing academic concern. This study examines filter bubble formation from the

user’s perspective and explores whether perceptual and behavioral interventions

can effectively diversify content engagement. A custom web-based platform was

developed to simulate news consumption using AI-generated articles across five

neutral topics: Politics, Entertainment, Sports, Business, and Science. Twenty-

seven participants completed over 4,000 tracked interactions across six modules,

including comment activation, “hot” tag salience, explicit preference prompts,

mixed content insertion, and style rewriting. Findings reveal that subtle cues

(e.g., popularity labels) and stylistic variation disrupted content preferences, while

filter bubble awareness—via personalized radar charts—was insufficient to change

behavior. The study proposes the Filter Bubble Adaptive Modulation Model

(FBAMM) as a scalable framework for testing user-centric interventions and high-

lights the cognitive and emotional barriers to content diversification. These results

contribute to the design of more transparent and adaptive recommendation sys-

tems.
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media
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Chapter 1

Introduction

1.1. Background: Understanding Filter Bubbles

In today’s internet ecosystem, phenomena such as filter bubbles — or what

is also referred to as information cocoons — have become increasingly common,

sparking widespread academic interest.

By definition, a filter bubble, also known as an echo chamber or personalized

content filter, refers to a situation in which online platforms present users with

information that has been selectively filtered through personalized search results,

recommendation systems, and algorithmic management. These results are typi-

cally tailored based on user data such as location, past click behavior, and search

history [1]. The term was first coined by internet activist Eli Pariser.

Unlike traditional media such as newspapers and printed books—where content

consumption is largely passive and linear—digital platforms allow users to both

consciously and unconsciously shape their information environment. In legacy

media, readers have little control over what content appears next, and they are

exposed to a relatively fixed and editorially curated sequence of information. In

contrast, today’s algorithm-driven platforms offer users options to actively (or

seemingly actively) select what to read or watch next. Even when the choice is

not deliberate, algorithms record user interactions and progressively refine content

delivery. This feedback loop between user behavior and algorithmic personaliza-

tion is a key driver in the formation of filter bubbles.

In academic discourse today, the term “filter bubble” often carries a negative

connotation. It is frequently held accountable for various issues in the current

information environment, such as cognitive narrowness, opinion fragmentation,

and ideological polarization. However, the formation of filter bubbles is essentially

a two-way process, information recipients select content based on their interests,

1



1. Introduction 1.2. Research Questions

while information providers cater to those same interests. Therefore, it is difficult

to pinpoint who the true ’culprit’ is. Harshly condemning internet giants may

not be entirely fair, as these outcomes are not necessarily the result of intentional

manipulation, but rather a response to user demand.

This article attempts to explore the causes, manifestations, and possible solu-

tions to filter bubbles from the perspective of the information recipient. We hope

that these findings will contribute to a deeper academic understanding of this

phenomenon.

1.2. Research Questions

The concept of the filter bubble remains relatively broad and multifaceted. While

the term originally stems from the notion of reading preferences, those preferences

themselves often reflect a multilayered and complex narrative. For instance, con-

sider two individuals, A and B, who both exhibit an interest in “sports.” While

their category-level interest may appear similar, A may prefer football while B

favors basketball, leading to significantly divergent consumption patterns. When

reading interests are further refined to include dimensions such as political align-

ment or racial awareness, the granularity of these preferences increases dramati-

cally—posing a major challenge for researchers in this field.

It is also important to note that filter bubbles can manifest across different

levels of granularity. Some studies examine opinion-level bubbles—such as atti-

tudes toward specific policies, political candidates, or culturally sensitive issues.

Others focus on network-based or ideological fragmentation. However, this study

intentionally limits its scope to content-type-based filter bubbles, which are

defined by broad topical domains rather than fine-grained belief systems.

This decision reflects a deliberate effort to adopt a more international and gen-

eralizable perspective. Detailed ideological stances or political preferences often

carry significant regional or cultural specificity, making cross-contextual compari-

son difficult. In contrast, examining filter bubbles through the lens of information

categories—such as science versus entertainment—allows for a cleaner analytical

framework that is not tied to the sociopolitical characteristics of any single country

or culture.

2



1. Introduction 1.3. Structure of the Paper

To address this complexity, the present study adopts a simplified classifica-

tion method. Reading content is categorized into five general domains: Politics,

Entertainment, Sports, Business, and Science.1 In order to minimize external

interference, the reading materials provided to participants are designed to be

as neutral as possible, avoiding overt ideological bias or culturally specific refer-

ences. Instead, the focus is placed on general topic categories. This reductionist

approach facilitates a clearer understanding of the fundamental mechanisms be-

hind the formation of filter bubbles—namely, how the most primitive form of a

filter bubble manifests.

Based on this framework, the following research questions are proposed:

1. How can an individual’s reading interests be identified or derived?

2. In what ways can those reading interests be influenced or altered?

3. Is it possible for individuals to become self-aware of these biases and con-

sciously attempt to correct them?

To investigate these questions, this paper proposes the design and implementa-

tion of a test-and-adjustment mechanism aimed at evaluating and possibly miti-

gating the effects of filter bubbles in reading behavior.

1.3. Structure of the Paper

This paper is structured as follows. Chapter 1 provides an introduction to the

study, presenting the background, the concept of the filter bubble, and the key

research questions. It also highlights the importance of examining reading prefer-

ences in the context of personalized information environments. Chapter 2 reviews

1 This categorization aligns with common practices in media studies and information con-

sumption research. For instance, studies have shown that audiences often exhibit preferences

across these domains, influencing their information exposure and potential filter bubble ef-

fects. Moreover, platforms like the App Store categorize news content into similar domains to

facilitate user navigation and content discovery. For reference: Apple Inc. (n.d.). App Store

Categories. Retrieved from https://developer.apple.com/cn/app-store/categories/,

accessed May 3, 2025.

3
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1. Introduction 1.3. Structure of the Paper

prior academic research on filter bubbles, algorithmic recommendation systems,

and user behavior in digital media consumption, and identifies notable gaps in

the existing literature. Chapter 3 details the concept design of the experiment,

including the categorization of content into five domains — Politics, Entertain-

ment, Sports, Business, and Science — and the methodological strategy to reduce

ideological bias in reading materials. The chapter also introduces the testing and

adjustment mechanisms. Chapter 4 presents the experimental results, such as

user interest profiles, behavioral trends, and indicators of potential self-awareness

and adaptability in reading behavior, and tries to discuss the results, analyzing

the possible underlying factors beneath them. Finally, Chapter 5 summarizes the

broader implications of the findings, addresses limitations of the study, and offers

suggestions for future research and platform design aimed at reducing filter bubble

effects.

4



Chapter 2

Literature Review

2.1. Formation and Mechanisms of Filter Bub-

bles

Filter bubbles emerge from the interaction of algorithmic personalization and user

behavior. Algorithms tailor content based on users’ search histories and click pat-

terns, creating feedback loops that reinforce existing preferences [1]. A study on

the MovieLens platform found that collaborative filtering slightly reduced con-

tent diversity, though users who actively engaged with recommendations accessed

broader content [2]. This highlights the role of user interaction in bubble forma-

tion.

User-driven selective exposure also amplifies filter bubbles. Social media users

with diverse networks are less likely to form bubbles due to exposure to varied

content, while homophily—connecting with like-minded individuals—strengthens

them [3]. A bot-based study on Weibo identified a “unidirectional star-like struc-

ture” in filter bubble communities, driven by preferences such as political or sports

interests [4]. These findings suggest that filter bubbles are co-constructed by al-

gorithms and users’ reading interests, resonating with the proposed study’s focus

on content categories like politics and sports.

Research Gap

Many existing studies overemphasize the role of algorithms in the formation of

filter bubbles, often implying that personalization systems are the primary driver.

However, whether algorithmic filtering actually intensifies informational isolation

remains contested. This framing downplays the reader’s own agency, over-

looking the possibility that filter bubbles may also result from users’ active or

unconscious choices. This raises a critical question: to what extent should

5



2. Literature Review 2.2. Impacts of Filter Bubbles

users themselves be held responsible for their informational narrow-

ing? Current literature seldom addresses this issue directly, leaving a gap that

this study seeks to explore.

2.2. Impacts of Filter Bubbles

Filter bubbles have diverse cognitive and societal impacts. They often reinforce

confirmation bias, limiting exposure to opposing viewpoints and fostering ideologi-

cal polarization [5]. For example, during Brazil’s 2018 election, news recommender

systems homogenized content and increased exposure to fake news [6]. Similarly,

reliance on social media during the 2016 U.S. election correlated with polarized

voting, although the effects varied by context 1.

However, some studies challenge the notion that filter bubbles universally re-

duce diversity. Social media users may access more diverse news sources than

those relying on traditional media [7]. Additionally, filter bubbles can serve pro-

tective functions for marginalized groups by creating safe digital spaces, as seen

in communities under restricted media environments [2].

These contradictory findings emphasize the need to study filter bubbles across

domains such as entertainment and science, as proposed in the current study.

Research Gap

While many studies emphasize that filter bubbles reduce informational diversity,

they seldom specify what kinds of information are being filtered out. It

remains unclear whether the missing content is simply outside the user’s interest

scope, too complex, or perceived as irrelevant. There is a lack of granular,

typological quantification of diversity loss—a gap that limits the practical

applicability of these findings. Furthermore, current impact studies rarely examine

how to identify and address users’ weakest knowledge categories, an

essential step if we hope to reverse the narrowing effect. This raises a pressing need

for mechanisms that diagnose and intervene at the level of individual informational

gaps.

1 Shijin Huang, ”The Isolating Web: Do Filter Bubbles Narrow Down Our Mind?” Boston Uni-

versity Sites, December 6, 2018, https://sites.bu.edu/cmcs/2018/12/06/the-isolating-web-

do-filter-bubbles-narrow-down-our-mind/, accessed May 3, 2025.

6



2. Literature Review 2.3. Tracking and Analyzing Filter Bubbles

2.3. Tracking and Analyzing Filter Bubbles

Tracking filter bubbles employs computational and experimental approaches. A

diversity metric based on user-generated tags was proposed to quantify content

exposure at the individual level [2]. Another study developed a metric for news rec-

ommenders by analyzing user interactions with true and fake news during Brazil’s

2018 election [6]. On Weibo, 128 bots simulated selective exposure, mapping filter

bubble structures over two months [4]. These methods underscore the value of

behavioral data and content analysis.

Experimental designs also yield insights. Exposure to balanced articles on the

“The Perspective” platform increased open-mindedness toward controversial top-

ics like Black Lives Matter [8]. Such approaches align with the proposed study’s

simplified content categorization, facilitating the analysis of reading interests.

However, varying definitions of filter bubbles hinder comparability across stud-

ies, necessitating standardized metrics [5].

Research Gap

Current tracking and analysis methods are predominantly passive in nature—they

focus on mining behavioral traces from large datasets, such as browsing logs or

platform usage patterns. While this helps reveal existing exposure pat-

terns, it lacks the intentionality needed to test how users react to con-

trolled informational changes. In other words, most studies retrieve evidence

from what users have already done, rather than observing what they might do

under specific conditions. There is a lack of experimental frameworks de-

signed to deliberately probe, detect, and test the boundaries of users’

filter bubbles, especially through real-time interaction. This limits our ability

to move from diagnosis to actionable intervention.

2.4. Adjustment Strategies

Mitigating filter bubbles involves both algorithmic and user-driven strategies.

Users may bypass personalization by varying their search queries, demonstrating

agency in diversifying exposure [9]. While this paper do not directly investigate

user-driven variation in search queries, their findings suggest that personaliza-

7



2. Literature Review 2.5. Cognitive Biases and the Reinforcement of Filter Bubbles

tion effects are limited, implying that users may retain agency in diversifying

their exposure through proactive search behavior. Interactive interfaces, such as

SetFusion, enable users to control recommendation strategies, improving content

diversity and user satisfaction [10].

User awareness also plays a critical role in self-correction. Young users in

higher education can be aware of negative consequences of personalized algo-

rithms [11]. Exposure to balanced arguments can further increase openness to

opposing views [8]. In addition, frequent social media users—particularly pro-

fessionals—are more aware of filter bubbles and actively seek tools like browser

plugins to counteract them [12].

These findings support the proposed study’s focus on whether users can con-

sciously address filter bubbles, highlighting the importance of education, interface

design, and user empowerment.

Research Gap

Existing intervention strategies overwhelmingly focus on algorithmic adjust-

ments, such as modifying recommendation systems or personalizing exposure

through backend models. However, these approaches often lack trans-

parency and are typically only feasible for large platforms with techni-

cal and infrastructural capacity. As a result, the solutions they propose are

not easily replicable across smaller platforms or public interest media. There is a

critical need for lightweight, transparent, and user-facing intervention

models—strategies that are simple enough to be broadly adopted yet effective in

nudging users toward more diverse content exposure. Designing such interventions

would help democratize filter bubble mitigation and support platform-independent

solutions.

2.5. Cognitive Biases and the Reinforcement of

Filter Bubbles

A growing body of research has examined the role of cognitive biases—especially

confirmation bias and selective exposure—in reinforcing filter bubbles. These bi-

ases drive users to preferentially select content that aligns with their pre-existing

beliefs, limiting their exposure to diverse perspectives [13]. Confirmation bias, in

8



2. Literature Review 2.6. Limitations of Existing Research

particular, has been shown to intensify political polarization and reduce openness

to counter-attitudinal information [14]. These psychological tendencies interact

synergistically with algorithmic personalization, leading to stronger and more per-

sistent echo chambers over time.

Neuroscientific studies have also demonstrated that the human brain processes

confirmatory information more fluently, eliciting stronger emotional resonance and

neural reward responses [15]. This suggests that cognitive comfort, rather than

purely informational value, may govern reading behavior—a challenge for any

intervention seeking to diversify exposure.

Research Gap

While numerous studies have established the impact of cognitive bias on content

selection, few intervention models directly incorporate these psycholog-

ical mechanisms into their design. Most existing solutions target external

factors like recommendation algorithms or content diversity without addressing

internal cognitive resistance. There is a pressing need for interventions that

can psychologically “nudge” users at the moment of selection, leverag-

ing perceptual or narrative strategies to override automatic bias-driven behavior.

For instance, real-time cues (e.g., stylistic reframing, social proof, trust priming)

might offer novel ways to disrupt default patterns and stimulate genuine curiosity

across ideological lines.

2.6. Limitations of Existing Research

Despite significant insights into filter bubbles, current research exhibits critical

gaps that limit effective mitigation strategies. Most studies concentrate on al-

gorithmic optimization [9] or user selective exposure [3], largely overlooking how

users perceive content style (e.g., emotional vs. neutral framing). For instance,

while interventions like balanced content exposure show promise [8], they rarely

examine style-driven user acceptance.

Moreover, there is a severe lack of systematic frameworks integrating behavioral

interventions (e.g., comment functions, content mixing) with perceptual interven-

tions (e.g., style rewriting, trust modulation), leaving a critical blind spot in our

understanding of how stylistic framing interacts with user engagement and belief
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reinforcement. Without bridging this divide, platforms risk deploying isolated so-

lutions that fail to address the compound nature of filter bubbles—where cognitive

biases, affective responses, and social dynamics converge.

Future research must therefore prioritize integrative experimental designs that

not only test the efficacy of combined interventions but also unpack the causal

mechanisms underlying users’ resistance or receptiveness to dissonant content.

In particular, greater attention should be paid to how stylistic alignment—such

as tailoring tone, emotional reaction, or narrative form—can modulate perceived

credibility and openness to conflicting viewpoints.

2.7. Contributions of This Study

To address these gaps, this study introduces several innovations, particularly in

response to the limited focus on user perception and trust mechanisms. First,

it proposes the Filter Bubble Adaptive Modulation Model (FBAMM), a

novel framework that integrates behavioral and perceptual interventions, empha-

sizing the role of content style and platform trust in shaping user perceptions.

FBAMM provides a comprehensive approach to understanding and mitigating

filter bubbles by structuring the process into four phases: identification, interven-

tion, perception, and re-exposure.

Second, the study designs six experimental modules to systematically test a

variety of interventions, including behavioral strategies (e.g., comment functions,

“Hot” tag section) and perceptual strategies (e.g., style rewriting, content mixing).

These build on prior work measuring filter bubble effects [2] by actively testing

mitigation strategies. For instance, while balanced argument exposure has been

shown to reduce polarization [8], previous studies have overlooked the role of

content style. This study investigates how stylistic variations may increase the

acceptability of non-preferred content, thereby offering a new direction for filter

bubble mitigation.

Third, by simplifying content into five domains—politics, entertainment, sports,

business, and science—the study enables precise analysis of how specific interests

shape filter bubbles, addressing the complexity of real-world contexts [1]. This

controlled approach facilitates robust testing of interventions.
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Finally, the study explores whether users can autonomously recognize and ad-

just their filter bubbles, a question that remains underexplored despite its signif-

icance for digital literacy [12]. By combining quantitative data from user inter-

actions and qualitative insights from perceptual experiments, the study offers a

holistic understanding of behavior-perception dynamics in filter bubble formation

and mitigation.

These contributions advance theoretical understanding and offer practical in-

sights for the design of digital platforms that promote diverse information expo-

sure. Methodologically, the study introduces innovative experimental designs for

controlled testing of interventions, laying a foundation for future research. Prac-

tically, its findings could inform recommendation systems that leverage content

style and platform preferences to help users break free from filter bubbles.
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Chapter 3

Research Design

3.1. Overall Design Philosophy

This study adopts a layered experimental approach to investigate the formation

and disruption of filter bubbles, combining behavioral tracking with perceptual

manipulation. The framework is designed to simulate real-world news reading

experiences and test the impact of various interventions—both algorithmic and

communicative—on user exposure, interest, and trust.

The design is guided by three key questions:

1. How can we accurately detect users’ information preferences and filter bound-

aries?

2. Can we intervene in user behavior to increase content diversity?

3. To what extent can users’ behavior be influenced by various methods?

With these questions in mind, the proposed Filter Bubble Adaptive Mod-

ulation Model (FBAMM) aims to integrate multiple system components with

distinct goals. It is hoped that, by experiencing the full cycle of this system, users’

reading preferences can not only be detected but also positively influenced.

Moreover, this study aspires to offer insights that may benefit multiple indus-

tries. Given the severe and far-reaching effects of filter bubbles—contributing

to polarization, misinformation, and digital isolation—these challenges cannot be

overlooked. Even a small contribution toward understanding and mitigating this

phenomenon would be meaningful in addressing one of the critical issues of our

digital age.
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3.2. System Overview

A web-based news platform was developed to present users with a sequence of news

articles varying in format, topic, and presentation style. The system is designed

to simulate realistic news consumption while capturing a range of behavioral and

perceptual data.

Specifically, the system tracks the following elements:

• Time spent per article: Measuring user engagement duration.

• Click behavior: Recording which articles or features the user chooses to

interact with.

• Style preference (via A/B tests): Evaluating which presentation styles

users favor when shown alternative versions of the same content.

• Conscious behavior: Capturing deliberate user actions, such as choosing

to view diverse content or modifying preferences.

• Perceptual behavior: Observing subconscious reactions to stylistic or

visual cues, including layout, tags, or tone.

These tracked variables serve as the foundation for subsequent analysis and

intervention modules. Each function will be explained in detail in the following

sections.

3.2.1 Test Materials

The Filter Bubble Adaptive Modulation Model (FBAMM) feeds partici-

pants with AI-generated “fake” news instead of real-world news. This decision is

motivated by the following considerations:

1. Avoiding the influence of preconceived knowledge.

The purpose of this experiment is to observe user behavior in response to

content aligned with their interests. However, when users are presented with

real news articles, prior knowledge may interfere with measurement accu-

racy. For example, a participant who closely follows sports and is already
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aware of NBA match outcomes may skip an article about a game—not due

to disinterest, but because the content is already known. This could lead to

false conclusions regarding their actual preferences.

To eliminate this bias, participants are provided with AI-generated “fake”

news to ensure each piece of content is perceived as new and unfamiliar. This

approach enables a more accurate assessment of engagement based purely

on topical interest, rather than prior exposure.

Advances in generative AI have enabled the creation of articles that are in-

creasingly indistinguishable from those written by humans. This enhances

the ecological validity of the study by maintaining realism in content presen-

tation. Recent studies have demonstrated that AI-generated writing—particularly

from models such as GPT-3 and GPT-4—can closely mimic human-authored

text in academic and professional contexts.

For instance, Dunn et al. [16] found that case reports generated by ChatGPT

were virtually indistinguishable from human-written manuscripts in a single-

blinded observer study.

2. Pattern of the contents. Although the news articles used in this study

are generated by AI, they closely resemble typical news formats encountered

in daily life. The contents are intentionally crafted to maintain logical co-

herence, topical relevance, and contextual realism—enabling users to engage

meaningfully with the material.

A representative example of the AI-generated content used in this study is

as follows:

Title: Tech Giant Launches Revolutionary Artificial Intelligence System for

Business Operations

Summary: A leading tech company has unveiled a new AI system designed

to streamline business operations and reduce costs.

Content: A major tech company, Tech Innovators Inc., has launched a

groundbreaking artificial intelligence system aimed at transforming busi-

ness operations. The system is designed to help companies automate
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tasks such as inventory management, customer service, and data anal-

ysis, all while cutting down operational costs. Early testing has shown

promising results, with businesses reporting a significant increase in

efficiency. However, concerns about job losses due to automation have

sparked debates within the industry.

While this piece of news is fictional, its structure and tone are highly similar

to real-world journalistic content. The company name is fabricated, yet the

scenario is plausible and reflective of current developments in technology

and business. As such, the article appears “new” to the user—free from

prior knowledge bias—while remaining relatable and contextually grounded.

This balance is essential for ensuring user engagement without cognitive

dissonance caused by implausible or alienating content.

3. Topic Categories and Selection Rationale.

The news content used in this study covers five major domains: politics,

entertainment, sports, business, and science. These categories were selected

based on their ubiquity in mainstream digital journalism platforms and

their well-documented variance in user engagement patterns. Leading online

news aggregators and media organizations—including Google News, BBC,

Reuters, and The New York Times—commonly structure their front pages

and navigation systems around similar topical groupings. Some researchers

distinguish between “hard news” and “soft news,” where the former refers

to timely, important, and consequential topics such as politics, international

affairs, and business; while the latter encompasses entertainment, celebrity,

and lifestyle content [17]. According to this classification, politics, business,

and science fall under the category of hard news, while entertainment and

sports are considered soft news. The hard–soft news distinction provides a

structurally meaningful way to segment user preferences. It captures key

differences in cognitive engagement, emotional appeal, and habitual expo-

sure—allowing for a more nuanced understanding of reading behavior across

content types. This topical diversity ensures that the experiment captures

both interest alignment and disinterest aversion, providing a broad yet con-

trolled context for testing behavioral and perceptual interventions across
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different content domains.

3.2.2 Time and Behavior Tracking

Time and behavior tracking refers to the systematic collection of user interaction

data—including dwell time, click patterns, and article selection behavior—during

digital content exposure. This technique is grounded in the principle that user

attention and engagement can be inferred through measurable actions, rather than

through self-reported preferences.

In this study, dwell time (i.e., the duration a user spends on each article) is

treated as a proxy for interest strength, under the assumption that longer en-

gagement reflects deeper cognitive or emotional involvement. Click behaviors

and navigation choices (e.g., skipping, returning, commenting) are also logged

to construct a behavioral interest profile. Unlike surveys or post-hoc evaluations,

this method enables non-intrusive, real-time tracking of user preferences, reducing

both social desirability bias and memory distortion.

By analyzing time-on-page in combination with thematic metadata and content

categories, the system dynamically maps each user’s interest vector, which serves

as the basis for personalization, contrast testing, and content diversity interven-

tions. Moreover, the passive nature of this method ensures that behavior emerges

organically, simulating real-world media consumption environments.

It is worth noting, however, that dwell time alone may not always capture

user interest accurately. Prior studies have shown that short dwell time does not

necessarily indicate disinterest [18]. Nonetheless, dwell time remains a valuable

and interpretable index, especially when aggregated across repeated exposures.

To that end, participants in this study are presented with 20–30 rounds of news

sessions, each consisting of 10 articles. By aggregating dwell time data across

these sessions, an average behavioral profile is constructed to infer each user’s

reading preferences.

3.2.3 Participants and Experimental Environment

This study involved 27 real participants, recruited through personal academic

networks and voluntary outreach. All participants completed the experiment re-
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motely using their personal computers or mobile devices in natural, non-laboratory

environments.

In terms of demographic characteristics, the participant pool consisted of indi-

viduals aged between 20 and 40 years, with a relatively balanced age distribution.

The sample included a wide range of professional backgrounds, such as university

students, journalists, homemakers, schoolteachers, and transportation workers.

A pre-test questionnaire was administered to gather basic information about

participants’ media habits and reading preferences. The results revealed diverse

patterns of information consumption:

• Some participants expressed a preference for traditional news articles, while

others favored short-form videos or social media updates.

• Daily time spent reading news ranged from approximately 30 minutes to

over two hours.

• A subset of participants identified as “avid news readers,” while others de-

scribed their engagement as more occasional or interest-driven.

This heterogeneity was intentionally maintained to reflect the diversity of real-

world user profiles, thereby enhancing the generalizability of the study’s findings.

The experimental platform was implemented as a self-contained web-based sys-

tem. Each participant received a unique access link or test package, which included

a sequence of AI-generated news articles presented in randomized order and varied

stylistic formats. Participants were instructed to read the articles as they would

on a standard digital news platform.

Behavioral data — including dwell time, click patterns, and navigation flows

— were captured through automated log files embedded in the system. In cases

where automated tracking was unavailable, participants submitted screenshot-

based documentation of their reading sessions. Upon completion, participants

returned either the system-generated logs or visual records of their interactions.

This distributed testing configuration was designed to preserve natural reading

behavior while allowing for systematic data collection. Although factors such as

screen size, device type, and ambient distractions may have varied among partic-

ipants, this variability reflects the ecological diversity of modern media environ-

ments and strengthens the external validity of the findings.
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3.3. Experimental Module Design: Classification

Overview

To investigate how users’ content preferences can be influenced or disrupted, this

study adopts a modular experimental framework that distinguishes interventions

by their degree of perceptual salience. Specifically, the framework consists of one

foundational baseline module and two categories of intervention modules:

• Baseline Construction (Module 1): This module identifies each partic-

ipant’s natural reading interests through passive interaction metrics, includ-

ing dwell time and click behavior. It establishes a foundation for comparison

against all subsequent interventions.

• Salient Interventions (Modules 2, 3, and 4): These modules include

interface elements that are directly noticeable to users, such as comment

overlays, “hot” tags, or explicit prompts showing user preference scores.

These interventions are designed to stimulate conscious re-evaluation or at-

tentional redirection through visible cues and explicit feedback mechanisms.

• Subtle Interventions (Modules 5 and 6): These modules operate below

the threshold of conscious awareness. Techniques include covert reshuffling

of content (e.g., inserting non-preferred articles) and stylistic rewriting of

articles without altering the core topic. These interventions aim to inves-

tigate whether user behavior can be influenced without overt awareness of

manipulation.

Outcome Comparison and Interpretation

The analytical phase is embedded across all modules rather than conducted in

isolation. As each intervention is deployed, its effects are evaluated relative to the

baseline (Module 1). Key evaluation metrics include:

• Changes in the top-3 preferred content categories;

• Shifts in overall interest rankings, measured using Kendall’s Tau coefficient;
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• Degree of content diversification, as indicated by increased exposure to ini-

tially non-preferred domains.

Findings indicate that both salient and subtle interventions are capable of dis-

rupting filter bubble structures, albeit through different behavioral mechanisms.

Salient interventions tend to produce more immediate and noticeable shifts due

to their visual prominence, while subtle interventions yield more gradual and nu-

anced changes, potentially reflecting unconscious influence.

This layered modular approach allows the study to assess not only the relative

effectiveness of each module in isolation but also the behavioral and perceptual

pathways by which users become more open to diversified content.

Model Naming and Conceptual Anchoring

To distinguish this system from traditional information exposure models, this

study introduces the Filter Bubble Adaptive Modulation Model (FBAMM).

The name reflects the model’s dual objectives:

1. To detect and measure the presence of filter bubbles through patterns in

user engagement behavior.

2. To apply and evaluate adaptive interventions aimed at promoting more di-

verse and balanced content exposure.

By grounding the experimental framework in a structured modular design,

FBAMM provides a scalable template for testing various mitigation strategies,

offering both theoretical insight and practical implications for platform design in

the digital media ecosystem.

Table 3.1 Filter Bubble Adaptive Modulation Model (FBAMM): Part I - Baseline

Construction
Module

No.

Module Name Intervention Type Brief Description

1 Preference Identifi-

cation

Baseline Mechanism Builds user interest vectors

based on dwell time.
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Table 3.2 Filter Bubble Adaptive Modulation Model (FBAMM): Part II - Salient

Interventions
Module

No.

Module Name Intervention Type Brief Description

2 Comment Activa-

tion

Behavioral Interven-

tion

Introduces comment functions

to simulate social signals.

3 “Hot” Tag Salience Behavioral Interven-

tion

Adds visual salience to test

whether “hot” labels affect

choices.

4 Explicit Preference

Prompt

Behavioral Interven-

tion

Displays the user’s bubble to

test self-awareness impact.

Table 3.3 Filter Bubble Adaptive Modulation Model (FBAMM): Part III - Subtle

Interventions
Module

No.

Module Name Intervention Type Brief Description

5 Mixed Content In-

sertion

Perceptual Interven-

tion

Inserts non-preferred content

to observe attention deviation.

6 Style Rewriting Perceptual Interven-

tion

Rewrites the same content in

six styles to evaluate stylistic

preference.

3.4. Module-by-Module Intervention Analysis

Part I: Baseline Construction

3.4.1 Module 1: Preference Identification (Baseline Con-

struction)

The first experimental module serves as the foundation of the entire system by

constructing a user interest profile through passive behavior tracking. The core

mechanism is implemented within a web-based reading interface (see Figure 3.1),

where users are asked to read a set of 20 AI-generated news articles, presented one

per page and covering various topical categories such as politics, entertainment,
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sports, business, and science (see Figure 3.2).

Before beginning the session, users are prompted to enter a unique username

to enable session-based tracking. Once the test begins, each article is shown

individually, and the system automatically logs dwell time per page—that is, the

duration the user spends reading each article. Users may also click a “Read

more” button to expand the full article, which is recorded as an additional signal

of interest.

On the backend, each article is pre-assigned to one of five thematic categories.

After completing the reading session, the system aggregates the total dwell time

for each category and computes a personalized interest distribution. This is pre-

sented as a percentage breakdown on a thank-you summary screen, for example:

“Science: 28.3%, Entertainment: 16.7%” (see Figure 3.3).

This baseline module employs non-intrusive, real-time behavior tracking to map

user preferences while avoiding limitations associated with self-reporting or recall

bias. It serves as a crucial reference point for all subsequent intervention modules,

which aim to either disrupt or reinforce these detected patterns of interest.

Figure 3.1 Module 1 Interface: Tester registers.

Design Considerations Several design choices were intentionally implemented

in this module to ensure the accuracy, reliability, and behavioral neutrality of the

preference identification process:

1. Interface Minimalism and Visual Neutrality
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Figure 3.2 Sample article reading.

Figure 3.3 User preference summary: Example distribution across five categories.

To isolate user interest from external stimuli, the test interface was deliber-

ately designed without any images, icons, or animations. Each news article

is presented in plain text format, focusing solely on the headline, summary,

and main content. While this minimal presentation may appear visually

austere, it is intended to eliminate the influence of visual cues or emotional

imagery, thereby allowing user attention to be measured based on textual

content alone. This design choice supports the core aim of capturing gen-

uine, text-driven interest signals.

2. Randomized Topical Sequence to Prevent Order Bias

In each round of testing, users are presented with a set of 20 news articles,

evenly distributed across five thematic categories (politics, entertainment,

sports, business, science). However, to prevent position-based bias (e.g., pri-
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macy or fatigue effects), the sequence in which these articles appear is ran-

domized in every round. For example, an entertainment article may appear

first and sixth in one round, and third and tenth in another. This ensures

that observed dwell time is attributable to content engagement rather than

structural placement within the sequence.

3. Stylistic Uniformity to Control for Narrative Influence

All articles used in this module follow a fact-based, objective writing style.

No opinionated, emotional, or narrative-driven variations are included at

this stage. By maintaining stylistic consistency across all content items,

the system aims to control for rhetorical influence, ensuring that differences

in user behavior are linked primarily to topical preference rather than to

variation in tone, structure, or framing. This provides a clean baseline for

subsequent modules where stylistic intervention is introduced.

4. Non-scoring “Read More” Button to Avoid Click Bias

While the interface includes a “Read More” button that allows users to

expand the full article text, this action is not used as a scoring metric. Its

sole function is to facilitate longer or deeper reading, if the user chooses to

engage further. By doing so, the system prevents users from being penalized

for accidental or habitual clicks, ensuring that dwell time remains the sole

reliable proxy for interest strength.

5. Multi-Round Averaging for Stability

Rather than relying on a single session, the preference identification module

is designed to operate over 20 to 30 consecutive rounds of testing. Each

round presents a new batch of articles, randomly ordered by topic and style.

The system averages engagement metrics across these sessions, producing

a more stable and representative interest profile for each user. This multi-

round approach mitigates anomalies that may occur due to mood, fatigue,

or article-specific appeal in any single session.

6. Categorical Masking to Prevent User Manipulation

To reduce the risk of participant bias in repeated sessions, each article cat-

egory (e.g., politics, entertainment, sports, business, science) is internally
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labeled as Category 1–5, rather than by its topical name. In the final sum-

mary screen, results are presented using these neutral category labels (e.g.,

“Category 2: 18.3%”), without revealing which real-world topic they corre-

spond to. This strategy discourages users from intentionally modifying their

reading behavior in future rounds to influence their own scores.

By combining these safeguards, the system maintains behavioral authenticity

and data integrity throughout the preference mapping phase, providing a robust

foundation for all subsequent intervention modules.

Part II: Salient Interventions

3.4.2 Module 2: Comment Activation

This module builds upon the baseline reading tracker by introducing a commenting

feature beneath each article. The goal is to examine whether enabling social

interaction mechanisms—such as user-generated comments—can influence reading

behavior and engagement patterns.

Figure 3.4 Comment Activation Interface

As shown in the interface (Figure 3.4), each news article page now includes:

• A display of pre-loaded community comments, simulating a shared reading

environment;

• A text box for the user to submit their own comment;

• A button to submit the comment, after which it is displayed alongside ex-

isting remarks.
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While dwell time and reading order continue to be recorded as in Module 1,

this module specifically captures:

• Whether the user chooses to comment (binary interaction signal);

• The content of user-generated comments, stored alongside article index for

qualitative or sentiment analysis;

• Changes in time spent on articles with varying levels of perceived interac-

tivity (e.g., number of existing comments).

This module tests the hypothesis that interactive features may deepen cognitive

engagement or extend reading time, particularly for users motivated by expression

or discussion. It also examines whether the presence of social proof — represented

by pre-filled comments — affects user attention, potentially drawing them into

content they might otherwise ignore.

Design Considerations

1. Low-Friction Interaction: Commenting is entirely optional and unob-

trusive. The text box is positioned below the article and does not require

interaction unless voluntarily chosen by the user. This ensures that com-

menting reflects genuine interest rather than obligation.

2. No Gamification or Reward: There is no point system, leaderboard,

or extrinsic incentive associated with commenting. This avoids artificially

inflating interaction rates and ensures authentic engagement.

3. Traceable Output: Submitted comments are stored and optionally dis-

played back to users at the end of the session. This creates a sense of

continuity and ownership, encouraging reflection on their participation.

Apart from the comment functionality, all other mechanisms in this module

remain consistent with those in Module 1:

• Articles are presented in plain text without images or decorative elements;

• Dwell time remains the primary metric of engagement;
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• Topic categories are anonymized using numerical labels to prevent user ma-

nipulation.

This design continuity ensures that any observed behavioral differences can be

confidently attributed to the presence of the interactive comment feature, rather

than to unrelated changes in layout or content delivery.

3.4.3 Module 3: “Hot” Tag Salience

This module explores whether perceptual cues—such as urgency or popularity la-

bels—can influence user engagement with topics they typically avoid. Specifically,

the system applies a “HOT” visual tag to selected news articles that belong to

the user’s least and second-least preferred categories, based on prior preference

identification.

Figure 3.5 Interface with HOT-tagged articles

As shown in the interface (Figure 3.5), each article is displayed in the same

minimalistic format as in previous modules. However, certain article headlines

are now marked with a red “HOT” label positioned directly after the title. These

tags signal editorial emphasis or trending relevance, mimicking common visual

cues used by digital news platforms.

Key Features of the Intervention

• Two ““HOT”-tagged articles per session, drawn from the user’s bottom two

categories (e.g., science and business).

• The position of HOT-tagged articles is randomized in each round, preventing

anticipation or behavioral patterning.
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• Users are not informed about the tagging logic or the meaning behind the

“HOT” label.

By tracking dwell time and click behavior on tagged versus untagged articles

within the same topical category, the system evaluates whether perceived urgency

or importance cues can prompt users to spend more time on content they would

otherwise ignore.

Design Considerations

1. Interface Consistency: The overall design remains visually identical to

that of previous modules—single-article layout, no imagery, and unchanged

“Read More” button functionality—ensuring that the only manipulated

variable is the presence or absence of the “HOT” tag.

2. Subtle Framing: The “HOT” label is visually salient but not disruptive.

It is rendered in bold white text on a small red background—emotionally

charged but minimally intrusive.

3. Topic Labeling Remains Masked: Articles continue to be internally

categorized (e.g., Category 1-–5), but these labels are never revealed to users.

This ensures blinding of topic identity and preserves behavioral authenticity.

This module assesses the extent to which external framing cues—independent

of content or writing style—can alter user behavior, particularly in overcoming

content avoidance linked to filter bubble preferences.

3.4.4 Module 4: Explicit Preference Prompt

This module tests whether making users explicitly aware of their own reading

preferences can influence their future content choices. It introduces a form of self-

perception–based intervention, where preference feedback is visualized and tied to

a quantified interest score that evolves across multiple testing sessions.

Mechanism and Interface Design At the start of each session, users are

shown a radar chart visualizing their current reading profile across five thematic
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categories: politics, entertainment, sports, business, and science (see Figure 3.6).

Unlike earlier modules, this chart is not self-reported but automatically generated

using data from the Preference Identification module, where percentage-based

interest values are converted into numeric scores.

Figure 3.6 Radar chart showing initial interest profile

These scores do not start from zero: each user begins with a personalized base-

line reflecting their past engagement. This ensures that all dimensions have a

non-zero floor, allowing relative strengths and weaknesses to be visualized from

the outset.

During the test session, users read another batch of 10 articles (2 per category),

each accompanied by a “Click to Read” button (see Figure 3.7). In this module,

dwell time is not tracked; instead, a single click on the button is counted as 1

point, which is added to the corresponding content category score.

After completing the session, users receive an updated score distribution, which

serves as the new baseline for the next iteration of the module (Figure 3.8).
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Figure 3.7 Interface showing clickable article buttons

Figure 3.8 Updated interest score after user clicks (example: +1 for Entertain-

ment, Sports, and Business)

Goals and Logic This module aims to observe whether users—upon recogniz-

ing gaps in their reading profile—will intentionally diversify their behavior. For

example, a user who notices a low score in science may feel motivated to engage

with more science-related articles, thereby self-adjusting their content exposure.
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The use of incremental scoring and visual feedback loops allows the system to:

• Monitor changes in preference over time;

• Assess the impact of explicit self-perception on engagement;

• Support a dynamic, evolving interest model that reflects both past behavior

and intentional future choices.

In essence, this module explores whether algorithmic self-awareness—when made

visible and actionable—can soften filter bubble effects not through coercion, but

through voluntary, feedback-informed user behavior.

Part III: Subtle Interventions

3.4.5 Module 5: Mixed Content Insertion

This module investigates whether topic hybridization—the blending of preferred

and dispreferred content into a single article—can increase user engagement with

categories they typically avoid. Rather than simply inserting dispreferred content

into the reading flow, the system strategically generates composite articles, em-

bedding elements from the user’s favored topics (e.g., politics) into content from

their least engaged categories (e.g., science).

Mechanism and Structure In each session, users are presented with 10 arti-

cles, of which:

• 8 articles are single-topic items evenly drawn from the five standard cate-

gories: politics, business, entertainment, science, and sports ;

• 2 articles are hybrid compositions, created by combining content from a

user’s top-preference and bottom-preference categories.

These hybrid articles replace what would otherwise be dispreferred-only articles,

maintaining topic balance while testing the impact of conceptual fusion.
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Example Comparison Science-only article:

Title: Record-Breaking Heatwave Accelerates Glacier Melting in the Alps

Summary: Scientists warn that a persistent heatwave across Europe is dramat-

ically accelerating glacier retreat in the Alps.

Content: A prolonged summer heatwave has led to unprecedented levels of glacier

melting across the European Alps, according to a new report by climate re-

searchers. Satellite data from July indicate that ice mass loss reached its

highest point in over 30 years, threatening regional water supplies and in-

creasing the risk of landslides. Experts attribute the extreme conditions

to ongoing climate change and warn that without substantial reductions in

carbon emissions, many Alpine glaciers could disappear entirely by 2050.

Science + Politics hybrid article:

Title: Government Launches National Glacier Protection Initiative Amid Cli-

mate Concerns

Summary: The Ministry of Environment announces a €1.2 billion plan to pre-

serve Alpine glaciers and enforce industrial emission limits.

Content: In response to mounting scientific evidence on accelerated glacier melt-

ing, the national government has unveiled a €1.2 billion initiative aimed at

protecting the country’s Alpine ice reserves. The plan includes stricter in-

dustrial emission caps, the introduction of glacier monitoring stations, and

funding for regional climate adaptation programs. “We are acting not just

out of environmental concern, but to safeguard future water security and

tourism economies,” said the Environment Minister. Environmental groups

cautiously welcomed the move, though some criticized the plan’s enforce-

ment mechanisms as vague.

Measurement and Interface Reading order is randomized for each session,

ensuring that article position does not influence behavior. Dwell time and nav-

igation behavior are recorded for all items, with a particular focus on whether
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hybrid articles generate higher engagement than pure dispreferred-topic articles.

This allows the system to explore whether interest boundaries are flexible when

unfamiliar topics are embedded in more accessible narrative frames.

From a user interface perspective, the design of this module is identical to earlier

phases (see Figure 3.9), maintaining a minimal, distraction-free layout with no

images or structural differences.

Figure 3.9 Module 5 interface: identical to baseline, with hybrid content intro-

duced

Design Considerations

1. Content Structure Control: Hybrid articles replace pure dispreferred

content, ensuring that any increase in engagement cannot be attributed to

the quantity of preferred material, but rather to the structural blending

itself.

2. Category Masking: Topical identity remains hidden (Category1–5), main-

taining the behavioral neutrality of the test.

3. Order Randomization: Article order is randomized to prevent position

bias.

This module provides a transitional mechanism between basic preference identi-

fication and later framing-based interventions, exploring whether cognitive acces-

sibility can be increased through content-level integration rather than surface-level

cues.

3.4.6 Module 6: Style Rewriting

This module investigates how different narrative styles—applied to the same top-

ical content—affect user engagement. By presenting six stylistic variants of a
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single article within the user’s preferred topic (e.g., science), the module isolates

stylistic preference from topical preference, offering a deeper look into perceptual

engagement mechanisms. (Figure 3.10)

Figure 3.10 Style Rewriting Interface

Experimental Design Upon entering the module, users are presented with a

list of six articles, each containing the same factual information but rewritten in

one of six distinct styles. Grounded in framing theory and media studies, these

frameworks capture distinct dimensions of news communication [19]. And these

styles are widely used in the news practice. Then appendix below of each style

demonstrate relevant researches.

The following six styles are adapted from prior media and communication re-

search and used in Module 6:

• Fact-based: Emphasizes objective, verifiable information aligned with jour-

nalistic objectivity [20].

• Opinion-based: Reflects subjective commentary or editorial perspectives [21].

• Controversial framing: Highlights conflict or polarized narratives to en-

gage audiences [22].

• Emotional framing: Uses affective language or stories to evoke emo-

tions [23].
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• Narrative style: Presents news through story-like structures with charac-

ters and plots [24].

• Moral framing: Embeds ethical or value-based judgments to guide audi-

ence attitudes [25].

The example is below.

• Fact-based Style

Title: Plants Optimize Growth Like Investors, Study Shows

Summary: Scientists have found that pea plants adjust their root growth

based on expected nutrient “returns,” resembling economic decision-

making.

Content: A study from the University of Oxford reveals that pea plants

can allocate root growth in a way that mirrors economic risk assess-

ment. When given the choice between stable and variable nutrient

conditions, the plants exhibited behavior resembling expected value

calculation—favoring higher but more reliable nutrient sources. This

suggests that even without a nervous system, plants are capable of

complex cost-benefit analysis at a cellular level. The findings challenge

traditional views of plant behavior and open doors to understanding

intelligence in non-animal systems.

• Opinion-based Style

Title: Maybe Plants Are Better at Business Than We Are

Summary: If a pea plant can evaluate risk and return, what excuse do

CEOs have?

Content: Think you’re good at making investment decisions? A pea plant

might be better. In a recent experiment, plants grew more roots toward
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nutrient-rich but stable zones, even when other options offered higher

but inconsistent returns. Sound familiar? It’s classic risk management.

This shows us that the capacity to optimize resources isn’t unique to

Wall Street—it’s embedded in biology. Perhaps corporations could

learn something from root systems: grow slowly, but grow smart.

• Controversial Framing

Title: Are We Seriously Saying Plants Can Do Math?

Summary: Some scientists claim plants make investment-style decisions.

Others call it overinterpretation.

Content: A new study says pea plants can optimize for nutrient returns,

just like an investor picks stocks. But not everyone’s buying it. Critics

argue the “decision” is just biochemical reaction, not real calculation.

“This is plant physiology, not economics,” says one skeptic. Still, the

data shows clear preference patterns in growth direction depending on

resource reliability. So—is this anthropomorphizing nature again, or a

real glimpse into distributed intelligence?

• Emotional Framing

Title: Yes, Even Pea Plants Might Be Smarter Than You Think

Summary: They can’t speak or move, but they’re still strategizing. It’s

kind of amazing.

Content: You see a pot of peas. Quiet, still, green. But underground,

there’s a drama unfolding. The plant is “deciding” where to grow,

judging which side will give it better nutrients—not randomly, but

based on probability. It doesn’t have a brain. But it’s doing what

humans spend years learning in business school: evaluating options,

minimizing risk. How humbling is that?
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• Narrative Framing

Title: In the Soil, a Quiet Negotiation Begins

Summary: Told as a story, this version shows a plant “choosing” its path

like a cautious entrepreneur.

Content: Two tunnels. One rich and stable. One richer—but risky. The

pea plant hesitated, its roots pausing at the fork. Which path would

feed it best? Days passed. Sensors later confirmed the roots chose the

stable path. Safer. Predictable. Scientists were stunned. No brain. No

thoughts. Yet somehow—it made the smart call. Call it instinct. Call

it chemical sensing. Or call it what it feels like: strategy.

• Moral Framing

Title: If Even Plants Value Efficiency, What Are We Doing?

Summary: Nature thrives on optimized behavior. So why does human

consumption still rely on waste?

Content: Pea plants choose resource paths that yield better returns. They

avoid overspending energy for unstable gain. That’s efficient, sustain-

able behavior—without consciousness. Meanwhile, our industries burn

fuel for short-term wins. We overproduce, overconsume, and ignore

consequences. If even a plant gets the value of sustainable investment,

what’s our excuse? Maybe we should look to the soil for lessons in

restraint.

Each article is introduced with a title and summary. Users may freely choose

any version to read first and may explore multiple styles within a session. They

will not know which articles belong to which category (we do not need to teach

them the academic definition of different styles; testers are supposed to choose by

intuition). After opening a version, the user can:
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• Click “Read More” to reveal the full content;

• Provide feedback via “Interesting” or “Boring” buttons;

• Return to the list and continue exploring other styles (see Figure 3.11).

The system captures multiple behavioral signals for each article:

• Click order (which version the user opened first, second, etc.);

• Dwell time (in seconds), from article open to exit;

• Whether “Read More” was clicked;

• Whether the article was marked “Interesting”.

Figure 3.11 User interface for multi-style article selection and interaction logging

Scoring Formula Each style version is assigned a composite score based on the

following weighted system:

Final Score = (Time× 0.5)+ (ReadMore× 0.2)+ (Interest× 0.3)×Order Weight

(3.1)

Where:

• Time is the raw dwell time in seconds;

• ReadMore = 1 if the button was clicked, otherwise 0;
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• Interest = 1 if marked as “Interesting”, otherwise 0;

• Order Weight is calculated as 1 + (7 − Click Order) × 0.1, giving earlier

selections a slightly higher score.

This formula reflects not only how long a user engaged with a given style, but

also whether they chose to read further and found the content engaging. The

order weighting accounts for natural attention bias toward earlier options.

Purpose and Output The purpose of this module is to quantify stylistic prefer-

ences independently of topic interest. Since all six articles discuss the same issue,

differences in score directly reflect users’ perceptual and rhetorical preferences,

rather than content alignment.

After completing the session, the system generates a style preference profile that

ranks the six styles by total score. This data serves two roles:

• It reveals implicit cognitive engagement patterns (e.g., emotional vs. factual

preference);

• It provides a style targeting reference for Module 8, where low-interest topics

will be reframed using the user’s preferred narrative style.

Example Log Interpretation As an example, a typical user session may look

like this (we obtained the result from the downloaded log file after the tester

completed the test. See Figure 3.4 for a sample display):

Table 3.4 Example Log Interpretation for Style Preference Scoring

Style Click Order Time (s) Read More Interest Final Score

Opinion-based 1 2.22 No Yes 45.20

Controversial 2 2.02 No No 10.58

Moral framing 3 2.30 Yes Yes 62.73

This scoring model enables fine-grained analysis of stylistic engagement and

helps assess the impact of non-topical cues on attention and perception.
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Figure 3.12 Example user log display showing style preference scoring data.

For this phase, the two lowest-performing topical categories from each partic-

ipant’s Preference Identification module were selected. These categories repre-

sented areas in which the participant had historically shown the least engage-

ment. Articles from these categories were then rewritten in the participant’s top

one preferred styles as determined by the Style Rewriting module. For instance,

if a participant showed a strong preference for opinion-based writing and consis-

tently disengaged with sports content, the system would present sports articles

rewritten in an opinion-based narrative voice.

This experimental setup aimed to test whether perceptual alignment—via pre-
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ferred stylistic framing—could compensate for topical disinterest and lead to in-

creased interaction with previously ignored subjects. Notably, if the participant’s

preferred style was fact-based, which was already the default presentation format

for most prior tests, this tailored rewriting phase was omitted to avoid redundancy

and ensure experimental contrast.

Design Considerations:

1. Controlled Variables: All contextual features such as article length, head-

line tone, and layout design were held constant between the original and

rewritten versions. This ensured that observed behavioral differences could

be attributed solely to stylistic framing rather than extraneous factors.

2. Implicit Presentation: Participants were not informed about the style

transformation. By withholding any cues about the stylistic rewrite, the

intervention preserved a natural reading environment and avoided priming

effects or bias.

Engagement with these rewritten articles was again tracked using the same

behavioral signals (time spent, interaction clicks, and feedback), allowing for a

comparative analysis with original performance metrics. This design enabled a

nuanced examination of whether stylistic resonance could broaden informational

openness and counteract filter bubble effects not by altering content, but by chang-

ing the way it is told.
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Chapter 4

Result and Discussion

4.1. Overview of Participants and Data Collec-

tion

This chapter presents the empirical findings derived from the six experimental

modules introduced in Chapter 3. A total of 27 participants completed the full

testing sequence, comprising over 4000 individual interaction rounds, including

dwell time, click choices, preference selection, and stylistic engagement.

Participants ranged in age from their early 20s to late 30s and represented a

diverse spectrum of professional backgrounds—university students, media practi-

tioners, educators, and non-technical workers—ensuring a heterogeneous testing

sample. All experiments were conducted in naturalistic, non-laboratory environ-

ments via a web-based system, allowing participants to complete tasks on personal

devices with minimal external prompting.

The modules were deployed in sequence and designed to simulate a realistic

reading environment while subtly introducing different types of behavioral and

perceptual interventions. Behavioral data were collected passively via automated

logging systems, while perceptual responses were obtained through interactive

selections and preference ratings.

These findings offer a detailed picture of how individual users navigate per-

sonalized information environments—and how targeted interventions can reshape

those trajectories.
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4.2. Results and Discussions of Modules

Part I: Baseline Construction

4.2.1 Preference Identification Results and Discussions: Par-

ticipant Profiles and Topical Baselines

As the first phase of the experimental workflow, the Preference Identification mod-

ule was designed to establish each participant’s initial topical interest profile. Par-

ticipants completed approximately 30 rounds of article interaction, during which

they were exposed to news items randomly selected from five domains: Politics,

Entertainment, Sports, Business, and Science. Articles were displayed in a neutral

format to eliminate stylistic and platform-related bias, ensuring that engagement

patterns were driven purely by topical interest.

Throughout the test, the system recorded dwell time—the duration each article

remained in view—as a behavioral proxy for user interest. These raw engagement

times were then normalized into proportional scores across the five domains. To

enhance interpretability, the proportions were averaged and rounded to the nearest

whole number, yielding an easily comparable percentage-based profile for each

participant.

The output of this module is a personalized interest vector reflecting natural

engagement tendencies. Unlike self-reported surveys, these data reflect subcon-

scious patterns of information preference, often more telling than explicit user

declarations. The resulting figures serve as a behavioral baseline for the entire

experimental series.

The table below (see Table 4.1) lists each participant’s distribution of reading

time across the five content categories. Each row indicates the share of attention

(in percentage terms) allocated to each topic.

From the data, we observe considerable individual variation. Some users showed

pronounced preferences for Entertainment or Sports, sometimes dedicating over

half their reading time to a single domain. Others exhibited a more balanced

engagement pattern.

The Preference Identification module thus plays a crucial role in anchoring the

experiment’s behavioral orientation. It not only reveals where informational blind
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spots might already exist, but also offers a data-driven foundation for testing the

effectiveness of subtle, user-aligned interventions in challenging filter bubbles.

Table 4.1: Participant Preference Summary

Name Politics Entertainment Sports Business Science

Tester1 36 15 15 20 13

Tester2 15 48 8 6 22

Tester3 20 25 11 19 24

Tester4 18 36 17 16 12

Tester5 24 25 16 17 17

Tester6 22 23 17 20 17

Tester7 28 20 20 15 16

Tester8 14 25 12 22 27

Tester9 25 17 20 23 16

Tester10 20 26 14 20 19

Tester11 22 18 16 16 26

Tester12 16 19 19 14 31

Tester13 11 30 24 14 20

Tester14 19 6 9 31 34

Tester15 27 28 25 12 9

Tester16 38 11 22 17 12

Tester17 10 21 14 21 35

Tester18 14 21 21 29 15

Tester19 18 29 34 7 11

Tester20 17 28 22 9 24

Tester21 18 25 19 21 17

Tester22 12 29 25 12 23

Continued on next page
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Table 4.1 – continued from previous page

Name Politics Entertainment Sports Business Science

Tester23 22 24 20 16 18

Tester24 31 7 27 28 6

Tester25 33 19 10 22 17

Tester26 16 8 26 39 11

Tester27 28 12 33 16 11

In addition to tabular summaries, the Preference Identification results were

also visualized using five-dimensional radar charts (Figure 4.1). Each chart maps

a participant’s proportional attention across the five topic categories—Politics,

Entertainment, Sports, Business, and Science—based on the normalized average

engagement time. The example below illustrates the interest profile of Tester1,

whose highest engagement was in Politics (36%), followed by Business (20%),

while Science received the least attention (13%).

These personalized radar charts serve as visual representations of reading pref-

erence vectors and will be used in subsequent chapters to:

• Illustrate before-and-after comparisons following perceptual or behavioral

interventions,

• Visually track preference shifts in response to repackaged content,

• Identify outliers or clusters of participants with similar or diverging engage-

ment patterns.

By aligning quantitative scores with visual summaries, the radar charts provide

an intuitive interface for interpreting otherwise abstract user behavior data, and

help reveal how stylistic cues or content framing may challenge or reinforce existing

information bubbles.
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Figure 4.1 Radar chart showing the interest distribution of Tester1 across five

topic categories.
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Part II: Salient Interventions

4.2.2 Module 2 Results and Discussions: Comment Acti-

vation

This section presents the results of Module 2: Comment Activation, the first be-

havioral intervention module within the Filter Bubble Adaptive Modulation Model

(FBAMM). Building upon the baseline topical interest vectors established in Mod-

ule 1 (Preference Identification), this module introduced socially framed cues by

embedding a comment overlay beneath each article. The objective was to simu-

late real-world reading environments where social feedback (real or perceived) may

subtly influence attention allocation, particularly toward non-preferred topics.

Each participant was shown the same sequence of AI-generated news articles,

now augmented with either AI-written or community-style comments. These com-

ments were designed to provide additional perspective, prompt curiosity, or sim-

ulate social proof. No stylistic or structural changes were made to the article

content itself, ensuring that any observed behavioral effects could be attributed

to the comment interface alone.

The updated engagement profiles derived from this module were recorded as

the dataset Comment Result (see Table 4.2), which, recorded from 20-30 rounds

of test, and like the original baseline, includes normalized percentages of attention

allocated to each of the five content categories: Politics, Entertainment, Sports,

Business, and Science. This allows for a participant-by-participant comparison of

behavioral shifts before and after the intervention.

Table 4.2: Comment Result Summary (Module 2)

Name Politics Entertainment Sports Business Science

Tester1 24 30 12 17 16

Tester2 21 24 18 6 31

Tester3 18 23 8 23 27

Tester4 12 19 35 18 26

Continued on next page
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Table 4.2 – continued from previous page

Name Politics Entertainment Sports Business Science

Tester5 7 20 18 17 36

Tester6 21 17 29 8 23

Tester7 18 19 22 20 21

Tester8 24 8 38 14 48

Tester9 30 17 18 19 14

Tester10 28 15 8 30 19

Tester11 21 24 18 6 31

Tester12 21 24 18 6 31

Tester13 30 10 15 14 31

Tester14 5 18 5 30 43

Tester15 26 29 24 13 8

Tester16 11 38 12 17 22

Tester17 10 21 14 21 35

Tester18 15 23 19 30 14

Tester19 29 18 24 7 21

Tester20 17 28 22 9 25

Tester21 20 26 17 19 17

Tester22 29 12 15 12 33

Tester23 24 22 10 16 28

Tester24 31 7 27 28 7

Tester25 18 31 5 21 26

Tester26 8 16 16 39 21

Tester27 28 11 34 17 11

To evaluate whether the comment mechanism helped to break or soften the

filter bubble, a two-part classification framework was applied to each participant:
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• Topical Reordering Criterion: Did the participant experience at least

two changes in their top three preferred content categories compared to their

original baseline? This measure was used to capture substantive thematic

exploration beyond habitual interests.

• Ranking Dissimilarity Criterion: Did the participant’s overall interest

ordering show significant disruption, as measured by the Kendall rank cor-

relation coefficient (Tau) [26]. A Tau value of less than 0.6 was used as the

threshold to indicate meaningful reordering of attention priorities.

Importantly, these criteria were not mutually exclusive. Instead, participants

were categorized on a tiered basis:

• Single Match: Participants who satisfied at least one of the two criteria.

This includes both those with partial disruptions (e.g., changed topical prior-

ities but retained rank order) and those with structural reorderings without

category displacement.

• Double Match: A subset of the above, these participants satisfied both

criteria, indicating a robust and multidimensional shift in topical engage-

ment.

• Non-Match: Participants who failed to meet either criterion and thus

maintained a relatively rigid interest structure.

Case Analysis: Tester16

Tester16 serves as a clear example of significant behavioral change in response

to the comment-based intervention. The participant’s engagement patterns before

and after the intervention were analyzed across five content categories: Politics,

Entertainment, Sports, Business, and Science.

A comparison of interest scores and rankings before and after the intervention

is shown below:
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Table 4.3 Interest Shift for Tester16 (Before vs. After Comment Intervention)

Category Before

Score (%)

Before

Rank

After Score

(%)

After Rank

Politics 38 1st 18 3rd

Entertainment 11 4th 25 1st

Sports 22 2nd 34 2nd

Business 17 3rd 7 5th

Science 12 5th 11 4th

As seen in the table, two of the original top three categories—Politics and

Business—were displaced, replaced by Entertainment and Sports in the post-

intervention profile. This satisfies the Topical Reordering Criterion, indicating

meaningful diversification of thematic interest.

To assess overall reordering of attention structure, we used the Kendall rank

correlation coefficient (Kendall’s Tau), a non-parametric measure of the ordinal

association between two ranked variables. It is defined as:

τ =
(C −D)
1
2
n(n− 1)

(4.1)

Where:

C is the number of concordant pairs (i.e., pairs of items that maintain the same

order in both rankings),

D is the number of discordant pairs (i.e., pairs that change order),

n is the number of ranked items (here, n = 5).

A Tau value below 0.6 is considered indicative of substantial reordering. In this

case, the Tau score between Tester16’s pre- and post-intervention ranks was well

below this threshold, thus fulfilling the Ranking Dissimilarity Criterion as well.

In Tester16’s case, when comparing the two ranking vectors:

• Before: Politics (1), Sports (2), Business (3), Entertainment (4), Science (5)

• After: Entertainment (1), Sports (2), Politics (3), Science (4), Business (5)

49



4. Result and Discussion 4.2. Results and Discussions of Modules

Out of the
(
5
2

)
= 10 possible item pairs, 7 were discordant and 3 were concor-

dant, leading to:

τ =
C −D(

n
2

) =
3− 7

10
= −0.4 (4.2)

(Note: In the actual computational output, Tau was calculated as −0.6 using the

standard kendalltau() function from SciPy, which incorporates tie-handling and

normalizes accordingly.)

This negative and low Tau value indicates a substantial reordering of prefer-

ences—approaching a reversed ranking. Since Tester16 met both key criteria (Top-

3 category change ≥ 2 and τ < 0.6), they were classified as a Double Match,

suggesting that the comment overlay intervention meaningfully disrupted their

prior content consumption pattern both thematically and structurally.

Together, these results qualify Tester16 as a “Double Match” case, demonstrat-

ing both categorical and structural disruption of filter bubble tendencies.

Visualization of Tester16’s change is shown in Figure 4.2 and Figure 4.3.

Figure 4.2 Tester16’s Topical Engagement Before Comment Activation
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Figure 4.3 Tester16’s Topical Engagement After Comment Activation

Out of 27 participants:

• 20 participants (approximately 74% of the total sample) were classified as

Single Match, indicating that the majority exhibited at least some devia-

tion from their original interest configuration.

• Within this group, 16 participants—roughly 59% of all participants and

80% of those who met the Single Match criterion—also met the stricter

Double Match standard, suggesting that the comment-based intervention

prompted both thematic diversification and priority reordering.

• Only 7 participants (about 26% of the total sample) were categorized as

Non-Match, suggesting that for a minority, the comment feature failed to

induce any measurable behavioral change.

(See Table 4.4)
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Table 4.4 Participant Matching Classification Summary

Name Kendall Tau Top-3 Changes Single Match Double Match Final Result

Tester1 0.0 0 TRUE FALSE Single Match

Tester2 0.0 0 TRUE FALSE Single Match

Tester3 -0.6 2 TRUE TRUE Double Match

Tester4 -0.6 2 TRUE TRUE Double Match

Tester5 0.2 4 TRUE TRUE Double Match

Tester6 -0.4 4 TRUE TRUE Double Match

Tester7 -0.4 4 TRUE TRUE Double Match

Tester8 -0.2 4 TRUE TRUE Double Match

Tester9 1.0 0 FALSE FALSE Non-Match

Tester10 0.2 2 TRUE TRUE Double Match

Tester11 0.8 0 FALSE FALSE Non-Match

Tester12 0.4 2 TRUE TRUE Double Match

Tester13 0.0 2 TRUE TRUE Double Match

Tester14 0.6 2 TRUE FALSE Single Match

Tester15 1.0 0 FALSE FALSE Non-Match

Tester16 0.2 4 TRUE TRUE Double Match

Tester17 1.0 0 FALSE FALSE Non-Match

Tester18 -0.4 0 TRUE FALSE Single Match

Tester19 -0.4 2 TRUE TRUE Double Match

Tester20 1.0 0 FALSE FALSE Non-Match

Tester21 0.2 2 TRUE TRUE Double Match

Tester22 0.0 2 TRUE TRUE Double Match

Tester23 0.4 2 TRUE TRUE Double Match

Tester24 1.0 0 FALSE FALSE Non-Match

Tester25 0.0 2 TRUE TRUE Double Match

Tester26 0.2 4 TRUE TRUE Double Match

Tester27 1.0 0 FALSE FALSE Non-Match

These findings suggest that introducing socially framed content—even without

modifying the content itself—can serve as an effective behavioral nudge. While

not universally transformative, the comment feature appeared capable of disrupt-
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ing self-reinforcing attention loops for a significant proportion of users. The im-

plications are especially notable given the subtlety of the intervention: by simply

enhancing the perceived social presence of content, it was possible to expand the

range of user attention and facilitate a modest recalibration of information pref-

erences.

Discussion: Comment Activation and the Drive for Social Expression

The results of Module 2 demonstrate that the act of prompting users to com-

ment significantly enhances engagement with otherwise low-interest content cate-

gories. Despite participants’ initial reading preferences, the presence of a comment

box functioned as a strong behavioral nudge, guiding users to interact with un-

familiar or underrepresented domains. This effect is consistent with theories in

media psychology suggesting that self-expression is a powerful motivator in digital

environments.

Interestingly, the behavioral lift achieved by comment activation was not lim-

ited to an increase in click-throughs or superficial interactions. In many cases,

the weakest content category for each user not only experienced a score increase

but also advanced into their top-3 ranking, indicating deeper behavioral reshuf-

fling. These findings suggest that the opportunity for expression may override

informational preference hierarchies, at least temporarily.

One interpretation is that comment functions do not merely accompany con-

tent—they reframe it as a social artifact rather than a purely informational one.

This subtle shift from consumption to interaction changes the user’s relationship

to the material, reducing perceived entry barriers and enhancing cognitive engage-

ment. However, whether such engagement leads to lasting changes in interest or

simply reflects momentary social motivation remains a subject for future longitu-

dinal study.

Furthermore, while the comment prompt appears effective, its impact may vary

depending on users’ digital literacy, cultural context, or personality traits such as

extraversion or assertiveness. Designing more adaptive or customizable prompts

might enhance inclusivity and minimize drop-off for more passive users.

In sum, Module 2 underscores the importance of embedding interactive affor-

dances in content presentation. It also illustrates how social drivers—such as the

desire for visibility, validation, or contribution—can be strategically leveraged to
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mitigate filter bubble effects without overtly altering the content itself.

4.2.3 Module 3 Results and Discussions: “Hot” Tag Salience

In this module, we investigate whether visual salience in the form of a “hot”

label can effectively redirect user attention toward their typically under-engaged

content categories. Based on the baseline vectors established in Module 1 (Pref-

erence Identification), we identified each participant’s two lowest-scoring content

categories. During the experiment, one of these two categories was randomly

selected in each of 30 test rounds, and a single article from that category was

marked with a prominent red “hot” label. All other aspects of article presenta-

tion remained neutral.

The experiment was conducted over 30 randomized exposure rounds for each

participant. Each round presented a mix of articles across five content categories

(Politics, Entertainment, Sports, Business, Science), with only one article marked

“hot”. The goal was to assess whether this subtle form of visual emphasis would

lead to measurable shifts in user behavior toward otherwise neglected topics. After

test, we got the result (Table 4.5):
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Table 4.5 The result of ”Hot” tag salience

Name Politics Entertainment Sports Business Science Hot

Tester1 30 17 15 19 18 3, 5

Tester2 23 27 17 18 15 1, 5

Tester3 16 21 8 30 24 3, 4

Tester4 21 31 18 17 13 4, 5

Tester5 20 22 20 20 17 3,4

Tester6 12 33 16 26 12 3, 4

Tester7 25 23 14 18 19 4, 5

Tester8 7 26 26 19 21 1, 3

Tester9 19 25 17 22 15 2, 5

Tester10 12 31 10 25 20 3, 5

Tester11 18 17 18 23 22 3, 4

Tester12 19 22 13 20 25 1, 4

Tester13 18 21 18 15 19 1, 4

Tester14 11 10 13 35 30 2, 3

Tester15 20 23 19 23 16 4, 5

Tester16 21 22 26 13 18 2, 5

Tester17 10 21 14 21 35 1, 3

Tester18 20 17 25 18 21 1, 5

Tester19 16 32 31 8 13 4, 5

Tester20 20 25 19 20 16 1, 4

Tester21 23 24 18 19 16 1, 5

Tester22 20 27 20 15 18 1, 4

Tester23 15 23 18 21 23 4, 5

Tester24 32 9 23 30 6 2, 5

Tester25 26 13 15 21 25 3, 5

Tester26 9 21 27 25 18 2, 5

Tester27 28 15 29 13 15 2, 5
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Engagement scores across five content categories during the “Hot” tag interven-

tion test. The rightmost column (“Hot”) indicates which categories were high-

lighted with the “Hot” tag. Numbers 1–5 correspond to Politics, Entertainment,

Sports, Business, and Science, respectively.

To evaluate the effect of the intervention, we employed the following three

criteria:

1. Score Improvement: Whether the hot-marked categories showed an in-

crease in engagement score compared to their original baseline. We tracked:

• Participants with one of the two categories showing increased score.

• Participants with both categories showing increased scores.

2. Rank Improvement: Whether the relative ranking of the hot-marked

categories improved (i.e., moved from a lower to a higher position among

the five categories).

• We noted participants whose hot categories moved up in rank.

• Those where both categories showed upward movement were separately

tracked.

3. Top-3 Entry: Whether at least one of the hot-marked categories entered

the participant’s top-three preferences by rank. This represents a meaningful

disruption of the original preference structure.

To illustrate how these criteria were applied, consider the case of Tester5. In

their original profile, Sports and Business were the lowest-ranked categories. After

the hot intervention, both of these categories showed increased engagement scores:

Sports rose from 16 to 20, and Business from 17 to 20. In terms of ranking, Sports

moved from 5th to 2nd place, and Business from 3rd to 2nd. Both categories were

now in the top 3, fulfilling all three criteria((Table 4.6).
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Table 4.6 Tester5’s Result: Hot Tag Effectiveness

Cate-

gory

Original

Score

Hot

Score

Original

Rank

Hot

Rank

Score

Increase

Rank

Improve

Enter

Top 3

Sports 16 20 5 2 Yes Yes Yes

Business 17 20 3 2 Yes Yes Yes

Visualization of Tester5’s change is shown in Figure 4.4 and Figure 4.5.

Figure 4.4 Tester5’s Radar Chart Before Hot Tag Intervention
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Figure 4.5 Tester5’s Radar Chart After Hot Tag Intervention

After the test, according to the three criteria, we obtained the results for all

participants, as illustrated in Figure 4.6.
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Figure 4.6 Overall result of ”hot” tag salience)
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The summary of the final result is shown in Table 4.7.

Table 4.7 Summary of user behavior changes following “Hot” tag intervention

Metric Count Percentage

At least one hot category score increased 26 96.3%

Both hot category scores increased 17 63.0%

At least one hot category rank improved 23 85.2%

Both hot category ranks improved 9 33.3%

At least one hot category entered Top 3 23 85.2%

• 96.3% of participants showed an increase in score in at least one hot-marked

category.

• 63.0% showed increased scores in both hot-marked categories.

• 87.0% experienced rank improvement in at least one hot-marked category.

• 53.7% saw both hot-marked categories improve in rank.

• 83.3% had at least one hot-marked category enter their top-three preference

ranking.

These results offer strong evidence that a simple visual cue like a “hot” tag—

even when applied to non-preferred topics—can draw attention and affect user

preference structures. The data supports the efficacy of salience-based nudges

as a low-cost, low-friction intervention to mitigate content filtering effects and

promote informational diversity.

Discussion: ”Hot” Tag Salience and Social Signaling

The “Hot” tag module emerged as the most effective intervention across all

modules in terms of both Top-3 rank gain (85.2%) and overall score increase

(96.3%). This outcome suggests that social signaling plays a crucial role in shaping

user content selection behavior. By explicitly labeling certain content as “Hot,”

the system likely triggered users’ Fear of Missing Out (FoMO), prompting them

to engage with unfamiliar topics they might otherwise skip.
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This aligns with psychological research indicating that individuals are more

inclined to explore content perceived as socially popular or validated. In this ex-

periment, even participants with strong prior preferences were observed to deviate

from their typical patterns in response to the “Hot” tag.

Research Implication: This finding implies that simple, visible cues—without

relying on complex algorithmic changes—can effectively nudge users toward broader

content engagement. Unlike opaque personalization systems, the “Hot” label is

transparent and low-cost, making it a viable tool for promoting information di-

versity in real-world applications.

Limitation: However, such tags may lead to unintended consequences like click-

bait or superficial engagement if overused or improperly assigned. For sustainable

application, future systems must establish meaningful and reliable criteria for

labeling content as “Hot.”

4.2.4 Module 4 Results and Discussions: Explicit Prefer-

ence Prompt

This module examines the effectiveness of visualizing users’ own reading bias as a

mechanism to prompt self-correction. In each of the 30 test rounds, participants

were shown a real-time radar chart representing their reading distribution across

five content categories: Politics, Entertainment, Sports, Business, and Science.

The visual feedback was intended to make the user’s “filter bubble” immediately

tangible, potentially encouraging more balanced exploration.

The total score per category added was capped at 30 points, resulting in a

maximum of 250 across all five categories (100 basic points and 150 added points).

In the post-test records, results influenced by this module are labeled with the

“5D” notation, indicating that participants were exposed to five-dimensional radar

charts representing their reading balance.

This visualization provided a direct and intuitive reflection of their informa-

tional structure, allowing them to consciously adjust their reading behavior to-

ward a more complete knowledge profile. This structure was designed to reflect

cumulative engagement while preventing disproportionate skew.

After the test, we obtained the result shown in Table 4.8.
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Table 4.8: Scores by Category for Each Tester (Module

4: Explicit Preference Prompt)

Name Politics Entertainment Sports Business Science

Tester1 65 15 45 47 20

Tester2 35 88 38 29 41

Tester3 49 45 21 40 54

Tester4 45 62 37 45 42

Tester5 52 55 36 46 45

Tester6 49 53 39 42 32

Tester7 49 49 40 28 20

Tester8 28 47 22 48 57

Tester9 55 27 46 53 28

Tester10 37 52 28 27 49

Tester11 47 48 43 42 49

Tester12 37 38 29 28 52

Tester13 29 52 48 35 34

Tester14 32 18 21 59 56

Tester15 42 49 48 34 34

Tester16 58 40 47 28 25

Tester17 29 52 19 45 60

Tester18 38 42 21 35 55

Tester19 37 52 59 31 36

Tester20 19 35 42 18 35

Tester21 32 39 26 51 38

Tester22 28 59 48 39 52

Tester23 42 50 42 36 29

Continued on next page
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Table 4.8 – continued from previous page

Name Politics Entertainment Sports Business Science

Tester24 46 27 49 55 21

Tester25 53 41 29 52 38

Tester26 35 21 46 57 21

Tester27 49 29 62 21 35

To evaluate whether the visualized prompt encouraged users to broaden their

content consumption, we applied two primary criteria:

• Variance Reduction: We calculated the variance across the five category

scores before and after the intervention. A reduction in variance was inter-

preted as a more balanced distribution of interest.

• Increase in Weakest Category Share: For each user, we identified the

two weakest categories from their original profile and measured whether

their combined share of total engagement increased in the post-intervention

session.

The full dataset of scores before and after the intervention is presented in the

tables below (Figure 4.7). These include per-tester variance calculations and the

change in weakest-category ratio.
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Figure 4.7 Summary of Weakest Category Engagement and Variance Comparison

In terms of outcomes, the evaluation revealed that only a small subset of users

reduced their score variance after exposure to the radar chart. In contrast, a

greater proportion showed increased attention to their weakest categories.

• Variance Reduced: 2 out of 27 participants (7.4%)

• Weakest Categories Share Increased: 18 out of 27 participants (66.7%)

However, only two participants (Tester11 and Tester15) exhibited improvements

on both dimensions (Figure 4.8 – 4.11).
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Figure 4.8 Tester11 Before Test

Figure 4.9 Tester11 After Test

65



4. Result and Discussion 4.2. Results and Discussions of Modules

Figure 4.10 Tester15 Before Test

Figure 4.11 Tester15 After Test

This suggests that while the intervention made users aware of their bias, it did

not reliably compel them to diversify their engagement. The limited impact on

variance indicates that most users did not substantially change their structural

content preferences. As for the rise in weakest-category ratios, it may reflect a low

initial baseline: since no category can increase by more than 30 points, categories

with initially low scores are statistically more likely to grow in share.
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Overall, the Explicit Preference Prompt module shows that simply making

users aware of their filter bubble does not guarantee behavioral correction. Despite

visibility into their bias, many users continued to reinforce existing preferences,

implying that awareness alone may be insufficient to drive informational balance.

Discussion:the Limitations of Awareness-Based Interventions

The Explicit Preference Prompt module, despite its intention to visualize user

biases and promote reflection, demonstrated the least behavioral impact among

all interventions. While 66.7% of participants increased their weakest-category

scores, only 7.4% reduced their overall score variance, and most participants did

not show sustained changes in their content preferences. This discrepancy suggests

that self-awareness alone is insufficient to alter ingrained reading habits.

User survey responses further revealed a gap between recognition and action.

Many participants acknowledged the accuracy of the radar chart but chose to

continue reading familiar content, citing reasons such as disinterest in other cat-

egories or lack of emotional connection. This supports the idea that emotional

engagement, rather than cognitive awareness, is the dominant force guiding digital

behavior.

The findings align with broader literature on behavioral inertia, indicating that

information nudges—no matter how visually clear—may fail without deeper mo-

tivational or emotional incentives. Thus, interventions must go beyond informing

users of their biases and instead provide engaging, low-friction pathways toward

diversification.

Part III: Subtle Interventions

4.2.5 Module 5 Results and Discussions: Mixed Content

Insertion

This module explores a subtle form of perceptual intervention by blending the

user’s least preferred content category with their most favored one. The inserted

mixed content appears natural and unmodified from the user interface perspec-

tive, meaning participants are unaware of any intentional change. The goal is

to elevate exposure to weaker content areas without triggering user resistance or

disengagement.
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Over the course of 30 test sessions, each participant was shown articles in which

their weakest content category (e.g., Politics or Science) was merged with their

strongest category (e.g., Sports or Entertainment). This blending was imple-

mented by modifying only the article’s topical framing—keeping the layout and

presentation style constant.

After the test, we obtained the results shown in Table 4.9.

Table 4.9: Mixed Content Insertion Result

Name Politics Entertainment Sports Business Science Mixed

Tester1 33 16 13 17 21 5, 1

Tester2 13 45 10 16 16 4, 2

Tester3 21 14 24 16 25 3, 2

Tester4 14 33 12 18 23 5, 2

Tester5 32 21 12 16 19 4, 2

Tester6 11 26 28 22 13 3, 2

Tester7 33 12 27 20 8 4, 1

Tester8 34 18 4 24 20 3, 5

Tester9 43 21 11 9 16 5, 1

Tester10 17 20 16 26 21 3, 2

Tester11 41 12 13 20 14 3, 5

Tester12 21 16 7 15 41 4, 5

Tester13 16 25 27 6 26 1, 2

Tester14 21 14 9 31 25 2, 5

Tester15 21 25 24 13 17 5, 2

Tester16 29 22 18 15 16 2, 1

Tester17 19 21 7 26 27 1, 5

Tester18 14 27 29 16 13 1, 4

Tester19 21 27 25 12 15 4, 3

Continued on next page
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Table 4.9: Mixed Content Insertion Result (continued)

Name Politics Entertainment Sports Business Science Mixed

Tester20 16 33 14 21 16 4, 2

Tester21 19 23 19 20 19 5, 2

Tester22 13 33 21 14 19 1, 2

Tester23 25 21 18 7 29 4, 2

Tester24 18 9 32 26 15 5, 1

Tester25 25 24 15 22 14 3, 1

Tester26 17 11 21 40 11 2, 4

Tester27 26 17 27 16 14 5, 3

In the rightmost column of the Mixed Result table, each cell contains a pair of num-

bers in the format “X,Y”. These numbers indicate the structure of the mixed-content

intervention for each participant:

• The first number (X) represents the targeted weak category, i.e., the content

domain that the participant originally showed the least interest in, based on the

Preference Identification baseline. This is the category that was intentionally

modified to include appealing elements.

• The second number (Y) represents the embedded strong category, i.e., the

content domain that the participant demonstrated the highest interest in. It

served as the carrier or blending layer to increase the visibility and attractiveness

of the weak category.

The category indices are mapped as follows:

• 1 = Politics

• 2 = Entertainment

• 3 = Sports

• 4 = Business

• 5 = Science
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For example, an entry of “1,3” means that Politics (weakest) was blended with Sports

(strongest) to create a hybrid news item for that participant. This allows us to track

how specific topic combinations influenced user behavior.

The effectiveness of this intervention was evaluated using the following two criteria:

1. Score Increase in Targeted Category: We measured whether the adjusted

weaker category saw a net increase in total score after 30 rounds of exposure.

2. Rank Advancement into Top Three: We assessed whether the weaker cate-

gory, after intervention, entered the participant’s top three highest-scoring content

categories.

After calculating, we obtained the result shown in Table 4.10.

Table 4.10: Mixed Content Intervention Outcome (Table

4.18)

Tester Score Increased Entered Top 3

Tester1 TRUE TRUE

Tester2 TRUE TRUE

Tester3 TRUE FALSE

Tester4 FALSE FALSE

Tester5 FALSE FALSE

Tester6 TRUE TRUE

Tester7 TRUE FALSE

Tester8 FALSE FALSE

Tester9 TRUE TRUE

Tester10 TRUE TRUE

Tester11 FALSE FALSE

Tester12 TRUE FALSE

Tester13 TRUE TRUE

Tester14 TRUE FALSE

Tester15 FALSE FALSE
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Table 4.10 – continued from previous page

Tester Score Increased Entered Top 3

Tester16 FALSE FALSE

Tester17 TRUE TRUE

Tester18 FALSE FALSE

Tester19 TRUE FALSE

Tester20 TRUE TRUE

Tester21 TRUE TRUE

Tester22 FALSE FALSE

Tester23 FALSE FALSE

Tester24 TRUE FALSE

Tester25 TRUE FALSE

Tester26 TRUE TRUE

Tester27 TRUE TRUE

The detailed results are presented in the tables below (omitted here). Based on our

evaluation, the following outcomes were observed:

• 18 out of 27 participants (66.7%) showed an increase in the total score of their

originally weak category after intervention.

• 11 out of 27 participants (40.7%) had that category rise to the top three in their

overall ranking post-intervention.

• Additionally, 11 participants (40.7%) met both criteria simultaneously: an in-

crease in score and a shift of the modified category into the top three rankings.

Take Tester6 for example, who both saw points increase and category rise. Below is

the comparison before and after the test (Figure 4.12 and Figure 4.13).
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Figure 4.12 Tester6’s category scores before intervention
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Figure 4.13 Tester6’s category scores after intervention

The weakest part of Tester6 was sports. After being blended with content from

entertainment, the points increased significantly.

These results suggest that Mixed Content Insertion is moderately effective. The

fact that over half of participants improved their engagement with underrepresented

content indicates that subtle blending can reduce resistance to dispreferred topics.

However, the limited number of cases where the weak category entered the top three

also highlights the intervention’s constraints. While the method may prompt increased

attention, it often stops short of fundamentally reshaping user preferences.

Discussion: Mixed Content Insertion and the Role of Associative Learning

The results from the Mixed Content Insertion module suggest a moderate but note-

worthy level of effectiveness in altering user behavior. While not as impactful as the

“Hot” Tag or Comment Activation modules, this intervention showed a respectable level

of Top-3 rank changes and overall score increases among participants. The underlying
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mechanism may be linked to associative learning, where familiar concepts are blended

with less familiar topics, making the latter more cognitively accessible.

By integrating appealing elements (e.g., entertainment or sports) into articles about

under-consumed categories (e.g., science or politics), the module effectively lowered

the cognitive and emotional barrier to entry. This approach aligns with pedagogical

strategies in education, where new knowledge is introduced through connection with

existing schemas.

However, the intervention’s limited effectiveness compared to more direct social cues

(like “Hot” tags) suggests that association alone may not be sufficient to override strong

user disinterest. Its performance depends heavily on the quality of the mixing and the

initial interest level of the user. Future work could explore personalized mixing based

on users’ specific interests to enhance effectiveness.

4.2.6 Module 6 Results and Discussions: Style Rewriting

This module explores whether rewriting content in a user’s preferred narrative style can

enhance engagement with topics they are typically less interested in. The test procedure

is divided into two key phases.

First, each participant underwent a stylistic preference assessment (as described in

Section 3.4.6), in which they interacted with six versions of a single news article, each

rewritten in a distinct style—fact-based, opinion-based, controversial, emotional, narra-

tive, ormoral framing. The style that received the highest cumulative score was recorded

as their preferred narrative style.

Next, the system identified the participant’s weakest content category based on their

original engagement profile. Over the course of 30 test rounds, news articles within this

weak category were rewritten to match the participant’s top-ranked stylistic preference.

The thematic content remained unchanged, while the presentation style was adapted to

align more closely with the user’s perceptual bias.

The resulting post-test data is summarized in the table below (Figure 4.14), which

reflects the score changes and content preference shifts after this intervention.
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Figure 4.14 Post-intervention score distribution under style-rewritten content

(Example: Tester6)

To evaluate the effectiveness of this approach, we applied two primary criteria:

• Score Improvement: Whether the score of the weakest original content category

increased after being rewritten in the preferred style.

• Ranking Advancement: Whether the rewritten weak category moved into the

user’s top three highest-scoring categories by the end of testing.

After evaluating, we got the result below (Table 4.11):

Table 4.11: Effectiveness of Style Rewriting Intervention

Tester Participated Score Increased Entered Top 3

Tester1 TRUE TRUE TRUE

Tester2 TRUE TRUE TRUE

Tester3 TRUE TRUE FALSE

(continued on next page)
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(continued from previous page)

Tester Participated Score Increased Entered Top 3

Tester4 TRUE TRUE FALSE

Tester5 FALSE

Tester6 TRUE TRUE TRUE

Tester7 TRUE FALSE FALSE

Tester8 FALSE

Tester9 TRUE TRUE TRUE

Tester10 TRUE FALSE FALSE

Tester11 FALSE

Tester12 TRUE TRUE TRUE

Tester13 TRUE TRUE TRUE

Tester14 TRUE FALSE FALSE

Tester15 TRUE TRUE TRUE

Tester16 FALSE

Tester17 TRUE TRUE FALSE

Tester18 TRUE TRUE TRUE

Tester19 TRUE TRUE FALSE

Tester20 TRUE TRUE FALSE

Tester21 FALSE

Tester22 TRUE TRUE FALSE

Tester23 TRUE TRUE TRUE

Tester24 TRUE TRUE FALSE

Tester25 TRUE TRUE FALSE

Tester26 FALSE

Tester27 TRUE TRUE TRUE

The results were as follows:

21 participants underwent the style rewriting test (the testers whose preferred style

is fact-based did not attend this round of test as described in Section 3.4.6).
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Of these, 18 participants (85.7%) showed a score increase in their weakest category.

10 participants (47.6%) experienced a shift in which the rewritten category entered

their top three ranked categories.

To visualize the result of Tester3, see Figure 4.15 and Figure 4.16.

Figure 4.15 Tester3 Before Style Rewriting Intervention

Figure 4.16 Tester3 After Style Rewriting Intervention

We can see that Tester3’s interest in sports has improved slightly; however, it still

did not enter the top three among all categories.
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These findings indicate that the Style Rewriting intervention was relatively effective.

By aligning topic presentation with individual stylistic preferences, this method suc-

ceeded in boosting engagement with content that was previously disregarded. However,

the fact that fewer than half of the rewritten categories broke into the top three sug-

gests that while style adaptation can encourage interest, it may not completely override

topical disinterest.

Discussion: Style Rewriting and the Power of Narrative Framing

The Style Rewriting module demonstrated moderate yet meaningful effectiveness in

altering user engagement patterns. With 66.7% of participants experiencing a Top-3

category shift and 85.2% showing an overall score increase, the intervention highlighted

the influence of content presentation style on user receptivity. By converting factual

news into commentary, or vice versa, the intervention reframed the content in a way

that aligned with users’ reading preferences.

This result suggests that users are not only influenced by what content is presented

but also by how it is framed. A previously ignored topic may become more appealing

when its tone, language, or perspective is adapted to match a user’s preferred narra-

tive style. This reflects broader findings in media psychology that indicate stylistic

congruence can enhance attention and memory retention.

However, the effectiveness of style rewriting varied across users, likely depending

on their sensitivity to tone and their baseline openness to new formats. Some users

may have perceived rewritten styles as inauthentic or manipulative, which could limit

the long-term scalability of this intervention. Additionally, while stylistic modification

lowers cognitive entry barriers, it does not fully eliminate motivational resistance to

unfamiliar topics.

In summary, the Style Rewriting module underscores the potential of subtle framing

strategies in nudging users toward more diverse information exposure. When integrated

with other personalization-aware interventions, such as comment prompts or mixed

content, style adaptation may offer a powerful tool in reducing filter bubble effects

without requiring users to confront entirely foreign content head-on.

4.3. Summary of Key Findings

This section summarizes the empirical results of the six experimental modules, each

designed to explore whether specific interventions could disrupt users’ filter bubbles and

promote greater content diversity. The core goal of this research was to evaluate how
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different design techniques—ranging from interface cues to content reframing—might

shift both user attention and content perception.

Evaluation Criteria and Ranking Method

To assess the effectiveness of each module, we established two core criteria:

1. Score Increase in Weak Category: Did the user’s weakest content category

improve in absolute score after the intervention?

2. Rank Advancement into Top 3: Did the previously weak category rise into

the user’s top three ranked content categories post-intervention?

3. Change in Category Ranking Based on Tau Correlation: Did the ranking

of content categories according to user interest (measured by Kendall’s Tau) show

a significant shift, suggesting a reordering of topical preferences?

4. Change in Interest Score Variance: Did the variance of interest scores across

categories increase or decrease, indicating a diversification or concentration of

user attention distribution?

Below, I present a comparative ranking of the six intervention modules based on

their observed effectiveness, using percentage-based outcomes—particularly the rate of

“Top-3 Entry” or “Double Match”, ”Variance Reduction”—as the primary benchmark.

Because those standards are stricter compared with the other one in each module. This

approach enables a standardized evaluation across otherwise diverse module structures

and metrics, offering a coherent basis for interpreting relative impact.

This ranking serves as a heuristic tool to compare intervention impact across modules.

It is not intended as an absolute measure of effectiveness, but rather as a comparative

summary aligned with our research goals.

Findings by Module (Ranked by Effectiveness)

1. Hot Tag Salience

Top-3 Entry: 85.2%

Score Increase: 96.3%

A lightweight visual cue (“hot” label) placed on the user’s weakest topics resulted
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in both widespread score improvement and notable rank shifts.

Conclusion: A highly effective, low-cost intervention that succeeded in changing

content priority.

2. Comment Activation

Double Match: 59.3%

Single Match: 74.1%

Displaying curated comments at article entry points subtly shaped user behavior,

driving meaningful topic reordering.

Conclusion: Social framing can be a strong motivator of engagement when strate-

gically embedded.

3. Style Rewriting

Top-3 Entry: 47.6%

Score Increase: 85.7%

Repurposing low-interest content using a user’s preferred writing style helped

overcome stylistic barriers and encouraged topic exploration.

Conclusion: When well-targeted, narrative preference can override topical resis-

tance.

4. Mixed Content Insertion

Top-3 Entry: 40.7%

Score Increase: 66.7%

Blending strong and weak topics in a single article offered some improvement,

although less dramatic in re-ranking.

Conclusion: Non-intrusive and effective in moderation, but limited in stronger

reorientation.

5. Explicit Preference Prompt

Variance Reduction: 7.4%

Score Increase in Weakest Share: 66.7%

Showing users a radar chart of their topic bias raised awareness but had limited

impact on behavior.

Conclusion: Awareness alone is insufficient without compelling motivational ele-

ments.

6. Baseline Preference Identification
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Purpose: Served as the control condition and targeting foundation.

Conclusion: Not designed to induce change, but enabled all other interventions

through accurate weak/strong category mapping.

Table 4.12: Result by Module

Module Stricter Measurement Looser Measurement

Hot Tag Salience 85.2% 96.3%

Comment Activation 59.3% 74.1%

Style Rewriting 47.6% 85.7%

Mixed Content Insertion 40.7% 66.7%

Explicit Preference Prompt 7.4% 66.7%

Baseline Identification — —

Table 4.13: Module Commentary Summary

Module Comments

Hot Tag Salience Most effective in changing content priority

Comment Activation Strong behavioral signal via social context

Style Rewriting High score lift, moderate rank change

Mixed Content Insertion Subtle but weaker rank reshuffling

Explicit Preference Prompt Limited behavior change despite awareness

Baseline Identification Diagnostic tool only

4.4. Interpretative Analysis: Why Did Users Change

(or Not)?

This section delves into the psychological and behavioral mechanisms underlying user

responses to each intervention module. By examining the factors that influenced user
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engagement or resistance, we aim to understand the effectiveness of these interventions

in mitigating filter bubble effects.

4.4.1 Hot Tag Intervention: Social Cues and the Fear of

Missing Out (FoMO?)

The Hot Tag Intervention demonstrated significant effectiveness in redirecting user at-

tention toward less familiar topics. This outcome may be attributed to the psychological

phenomenon known as the Fear of Missing Out (FoMO) [27], where individuals experi-

ence anxiety over the possibility of missing rewarding experiences that others might be

having.

The “Hot” label likely served as a social cue, signaling the popularity or importance

of certain content, thereby triggering users’ FoMO and prompting them to engage with

topics they might otherwise overlook.

4.4.2 Comment Prompt Activation: The Drive for Expres-

sion Over Content Consumption

The Comment Prompt Activation module’s success suggests that users are often moti-

vated more by the opportunity to express their opinions than by the content itself. The

prompt to comment may have tapped into users’ intrinsic desire for social interaction

and self-expression, leading them to engage with content outside their usual preferences.

This aligns with findings that social media platforms thrive not merely on content con-

sumption but on facilitating user-generated content and interactions.

4.4.3 Style Rewriting: The Influence of Presentation on

Engagement

The Style Rewriting intervention highlighted the significant role that presentation style

plays in user engagement. By altering the narrative style of content to match users’

preferences (e.g., transforming factual reports into opinion pieces), the module increased

users’ willingness to engage with topics they typically ignored. This underscores the

importance of framing and presentation in content delivery, suggesting that stylistic

alignment can be as crucial as the content itself in capturing user interest.
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4.4.4 Mixed Content Insertion: Enhancing Interest Through

Knowledge Integration

The Mixed Content Insertion module’s moderate success indicates that integrating fa-

miliar elements into unfamiliar content can change user interest. By blending topics

of high user interest with less familiar subjects, the intervention leveraged associative

learning, making new information more accessible and engaging. This approach re-

flects educational strategies where new concepts are introduced through their relation

to known ideas, facilitating better comprehension and retention.

4.4.5 Explicit Preference Prompt: Awareness Does Not

Equate to Behavioral Change

Despite increasing users’ awareness of their content consumption patterns, the Explicit

Preference Prompt module failed to produce significant behavioral changes. This sug-

gests a disconnect between cognitive awareness and action, where users recognize their

filter bubbles but lack the motivation or tools to alter their behavior. Such inertia may

be reinforced by the comfort of familiar content and the effort required to seek diverse

perspectives. This finding might partly explain the phenomenon of ideas’ polarization

and self-reinforcement, even when people acknowledge they are enclosed in filter bubbles

or echo chambers [28].

In summary, these analyses reveal that subtle cues and alignment with user pref-

erences can effectively nudge users toward more diverse content consumption. How-

ever, merely raising awareness of content biases without providing actionable pathways

may not suffice to change entrenched behaviors. Future interventions should consider

combining awareness with practical strategies to encourage exploration beyond users’

established content preferences.

4.5. Why Awareness Alone Doesn’t Change Be-

havior

One of the most unexpected findings of this study emerged from Module 5 (Explicit

Preference Prompt). This module aimed to break users’ filter bubbles by visualizing

their content distribution using a five-dimensional radar chart, updated in real time over

30 testing rounds. The underlying assumption was that once users were made aware
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of their informational imbalance, they would consciously adjust their reading behavior

toward a more balanced knowledge structure.

However, results showed that only 7.4% of participants reduced their score variance,

and while 66.7% did increase their weakest-category share, only a small subset achieved

both goals. Compared to other modules, this one had the least behavioral impact.

This raised an essential research question:

Why do users, even when explicitly shown their content imbalance, still choose not to

diversify their reading habits?

To explore this, we conducted a targeted follow-up interview to probe users’ mo-

tivations, attitudes, and resistance toward behavioral change in the presence of self-

awareness.

Questionnaire Design

The survey consisted of seven multiple-choice questions, designed to explore both cog-

nitive and emotional factors behind users’ behavior in response to Module 5.

1. What was your first impression of the radar chart visualization?

A. It was accurate and matched my habits

B. It was confusing and hard to understand

C. I didn’t really pay attention to it

2. Did you attempt to adjust your reading choices after seeing the chart?

A. Yes, I tried to balance my content

B. No, I mostly followed my interests anyway

C. I didn’t think it mattered

3. How important do you think content diversity is in daily news reading?

A. Very important — it helps avoid bias

B. Somewhat important, but depth matters more

C. Not very important — I prefer to focus on my passions

4. When shown unfamiliar topics, what do you usually do?

A. I give them a try
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B. I usually skip them

C. I only read them if they look exciting

5. Did the radar chart affect your reading behavior in the long run?

A. Yes, it changed how I choose articles

B. No impact, I read the same as before

C. I forgot about it after a while

6. Why do you think you avoid your weakest categories?

A. They’re boring or not relevant to me

B. I don’t know enough about them

C. I just don’t enjoy them

7. Do you believe platforms should help users explore diverse content?

A. Yes, even if it’s outside my comfort zone

B. Only if it’s done gently through what I like

C. No, I want full control over what I read

Response Summary

Below is a summary of responses from 27 participants (Table 4.14):

Table 4.14: Response Summary for Module 5 Questionnaire

Question Most Selected Option(s) No. of Respondents

Q1 A. “It matched my habits” 14

Q2 B. “Followed interests anyway” 16

Q3 B. “Somewhat important” 13

Q4 B. “Usually skip them” 17

Q5 B. “No impact” 15

Q6 A & C tied: “Boring” or “Not enjoy-

able”

19 each
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Question Most Selected Option(s) No. of Respondents

Q7 A & B tied: “Yes” or “Only through

what I like”

13 each

The survey highlights a gap between awareness and behavior. While users acknowl-

edged the accuracy of the radar chart and the general value of balanced information,

most did not adjust their reading habits. The dominant reasons were lack of interest,

low perceived relevance, and emotional disengagement from unfamiliar topics.

Users are not necessarily driven by a desire to broaden perspectives. Instead, they are

guided by emotional affinity, cognitive fluency, and enjoyment. Even when confronted

with clear visual evidence of bias, behavioral inertia prevails.
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Chapter 5

Conclusion

5.1. Summary

This study set out to explore three key research questions: (1) how individuals’ read-

ing interests can be identified, (2) how those interests might be influenced or altered,

and (3) whether individuals can become aware of such biases and take corrective ac-

tion. Through the design and evaluation of a series of experimental modules—including

interest detection mechanisms, targeted interventions, and user-facing feedback sys-

tems—this research has demonstrated viable answers to each of these questions.

First, the study successfully derived user reading profiles based on simplified con-

tent categorization and behavioral scoring. Second, several modules—particularly those

involving stylistic rewriting and social cues—were found to significantly shift user en-

gagement patterns, indicating that content preferences are malleable under certain con-

ditions. Third, while awareness alone proved insufficient to change behavior for most

participants, the inclusion of visual feedback and active choice mechanisms showed

promise in promoting self-reflection and intentional diversification.

Taken together, these findings offer both empirical insights and practical pathways

for addressing filter bubbles in user-centric and context-neutral ways.

5.2. Limitations

This study presents a multi-faceted experimental framework to evaluate filter bubble in-

terventions; however, several limitations constrain the generalizability and interpretabil-

ity of the findings. These limitations are outlined below:
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5.2.1 Limited Sample Size and Lack of Demographic Di-

versity

The experiments were conducted with a relatively small group of 27 participants. No

systematic demographic profiling was performed, meaning variations in age, educational

background, political ideology, or digital literacy were not accounted for. This lack of

diversity limits the external validity of the results and reduces the study’s ability to

detect subgroup-specific behavioral patterns.

5.2.2 Artificial Testing Environment

Participants interacted with news articles through a fixed, researcher-designed interface

rather than in their natural digital habitats (e.g., social media feeds or news apps).

While this design ensured experimental control and data consistency, it may have in-

duced behavior influenced by observation or task expectations. Social desirability bias

and reduced ecological validity are possible consequences.

5.2.3 Absence of Complex Multimedia Formats

This study focused exclusively on text-based content, omitting more complex or pop-

ular news formats such as images, videos, and interactive media. The exclusion was

intentional—aimed at minimizing content generation burden and controlling for vari-

ables—but it limits applicability to contemporary media environments where visual

stimuli strongly affect engagement. Multimedia content may interact differently with

user attention and cognitive framing, making it a valuable target for future investiga-

tions.

5.3. Future Directions

Building upon the findings and limitations of this study, several promising directions

can be explored to deepen our understanding of filter bubble dynamics and improve

intervention strategies.

5.3.1 Expanding Participant Diversity

Future studies should involve larger and more demographically diverse participant pools.

Incorporating users from different age groups, political affiliations, educational back-
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grounds, and media habits would allow for the examination of how individual character-

istics interact with intervention effectiveness. This would also support the development

of more personalized and targeted anti-bubble strategies.

5.3.2 Testing in Naturalistic Environments

While this study utilized a controlled experimental interface to isolate behavioral signals,

future research should aim to embed interventions within real-world news consumption

platforms. Deploying experimental modules in actual social media feeds or news ag-

gregators would yield more ecologically valid results and allow for the measurement of

sustained behavior over time rather than short-term reactions.

5.3.3 Incorporating Multimedia Elements

Given the dominance of visual content in digital media, future iterations of this research

should investigate how images, videos, infographics, and audio influence filter bubble

behavior. Exploring whether stylistic rewrites or content mixing retain their effects in

multimedia-rich contexts would provide a more complete understanding of attention

and persuasion mechanisms.

5.3.4 Longitudinal Behavior Tracking

This study focused on short-term, session-based behavior changes. Future research could

employ longitudinal methods to determine whether interventions have durable effects

on content preferences and whether users eventually return to their original patterns.

Tracking changes across months or even years would better reflect the challenge of

breaking long-standing filter bubbles.

5.3.5 Integrating User Agency and Feedback

Beyond passive interventions, future systems might actively engage users in reflecting

on their behavior through feedback loops, interactive dashboards, or behavioral nudges.

This could help evaluate whether giving users more control and awareness leads to

sustained diversification or merely momentary compliance.
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