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Abstract

The rise of social media has fundamentally transformed how
people engage in public discourse and form opinions. While
these platforms offer unprecedented opportunities for demo-
cratic engagement, they have been implicated in increasing
social polarization and the formation of ideological echo
chambers. Previous research has primarily relied on obser-
vational studies of social media data or theoretical modeling
approaches, leaving a significant gap in our understanding
of how individuals respond to and are influenced by polar-
ized online environments. Here we present a novel exper-
imental framework for investigating polarization dynamics
that allows human users to interact with LLM-based artificial
agents in a controlled social network simulation. Through a
user study with 122 participants, we demonstrate that this ap-
proach can successfully reproduce key characteristics of po-
larized online discourse while enabling precise manipulation
of environmental factors. Our results provide empirical val-
idation of theoretical predictions about online polarization,
showing that polarized environments significantly increase
perceived emotionality and group identity salience while re-
ducing expressed uncertainty. These findings extend previous
observational and theoretical work by providing causal evi-
dence for how specific features of online environments influ-
ence user perceptions and behaviors. More broadly, this re-
search introduces a powerful new methodology for studying
social media dynamics, offering researchers unprecedented
control over experimental conditions while maintaining eco-
logical validity.

1 Introduction

Online social networks have profoundly reshaped how in-
dividuals consume information and form opinions, offer-
ing both new possibilities for democratic engagement and
novel challenges to societal cohesion. Although a substan-
tial body of research has mapped the prevalence of social
polarization—often characterized by the formation of ideo-
logically distinct groups and limited cross-group interaction
(Grover 2022; Kubin and Sikorski 2021; Bail et al. 2018)—
much of this knowledge stems from two main methodologi-
cal streams. Observational studies harness large-scale social
media data through sentiment analysis (Karjus and Cusk-
ley 2024; Alsinet et al. 2021; Buder et al. 2021), network
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clustering (Treuillier et al. 2024; Bond and Sweitzer 2022;
Al Amin et al. 2017), or topic modeling (Kim, Tak, and Cho
2019; Chen et al. 2021). These approaches reveal macro-
level patterns but cannot fully disentangle causal factors. In
parallel, theoretical simulations and opinion dynamics mod-
els (Hegselmann and Krause 2002; DeGroot 1974; Sasahara
et al. 2021; Del Vicario et al. 2017) allow for more con-
trolled experimentation, yet tend to rely on simplified in-
teraction rules that underrepresent the complexities of real
human communication.

Meanwhile, advances in large language model (LLM)
technology have opened new avenues for simulating online
discourse and opinion formation (Chuang et al. 2024; Breum
et al. 2024; Ohagi 2024). Despite this progress, compara-
tively little work has involved experimental studies with hu-
man participants interacting alongside these artificial agents.
Such user studies could offer direct evidence of how polar-
ized environments influence individual attitudes, social per-
ceptions, and engagement patterns, thus illuminating mecha-
nisms that purely observational or simplified simulated data
cannot capture.

In this paper, we address this gap by proposing a novel
experimental framework that integrates LLM-based agents
and human participants within a synthetic social network
platform. By focusing on message posting, interaction mod-
eling, and recommendation mechanisms, we recreate a real-
istic microcosm of polarized discourse. We then collect de-
tailed pre- and post-interaction survey data on participants’
opinions, platform perceptions, and behavioral tendencies to
map how exposure to polarized content and LLM-driven in-
teractions shapes users’ subsequent viewpoints.

Our research makes the following key contributions:

1. Synthetic Network Testbed: We develop and deploy a
platform where LLM-based agents produce contextually
relevant, polarized content, providing a controlled yet re-
alistic environment for human experimentation.

2. Experimental Insights: Through our user study, we
track how polarized discussions influence emotional en-
gagement, identity salience, and willingness to express
uncertainty, offering empirical insights into mechanisms
of online polarization.

3. Future Research Framework: Our approach serves
as a replicable template for investigating other facets



of online social dynamics—including recommendation
bias, echo chamber formation, and potential intervention
strategies.

Empirical findings from our study indicate that exposure
to polarized exchanges significantly amplifies participants’
emotional responses and heightens perceived in-group iden-
tities. Moreover, recommendation bias was found to inter-
act with polarized content to further skew user engagement,
thus underscoring the need for experimental methods in the
ongoing investigation of online polarization.

The remainder of this paper is organized as follows. Sec-
tion 2 briefly reviews related research on online polariza-
tion and LLM-based simulations. Section 3 introduces our
simulation model and agent design. Section 4 details the
methodology, metrics, and outcomes of our user study. Sec-
tion 5 discusses broader implications, and Section 6 con-
cludes with suggestions for future work.

2 Related Work

Research on social polarization in online networks spans
multiple disciplines and methodologies, primarily falling
into three streams: observational studies, theoretical mod-
eling, and experimental user studies.

Observational studies leverage large-scale social media
data to map polarization patterns. Early work identified ide-
ologically segregated networks and the role of user choice
and algorithms in echo chambers (Conover et al. 2011;
Bakshy, Messing, and Adamic 2015). Subsequent research
confirmed these patterns across diverse platforms (Yarchi,
Baden, and Kligler-Vilenchik 2021) and explored user roles
in information dissemination (Jiang et al. 2020). While re-
vealing macro-level trends, these studies face challenges in
disentangling underlying micro-mechanisms.

Theoretical models simulate opinion dynamics to under-
stand how collective patterns emerge from individual inter-
actions. Classical models, such as weighted averaging (De-
Groot 1974) and bounded confidence frameworks (Hegsel-
mann and Krause 2002), established basic mechanisms lead-
ing to consensus or opinion clustering but often relied on
simplified interaction rules. Modern extensions incorporate
greater psychological realism by modeling cognitive biases
like confirmation bias (Del Vicario et al. 2017), network
rewiring dynamics (Sasahara et al. 2021), and the crucial
role of algorithmic amplification in shaping exposure and
reinforcing divisions (Donkers and Ziegler 2023; Geschke,
Lorenz, and Holtz 2019). Some work in this area specifically
explores recommendation strategies aimed at mitigating po-
larization or fostering diversity (Stray 2022; Donkers and
Ziegler 2021; Garimella et al. 2017). Overall, these com-
putational opinion dynamics models offer methodologically
rigorous insights into specific mechanisms but typically ab-
stract away the complexities of natural language communi-
cation that characterize real-world online discourse.

Recent advances in large language models (LLMs) have
spurred a new wave of simulation approaches. Integrating
LLMs into agent-based modeling (ABM) allows for simu-
lations with richer, language-based interactions, potentially
enhancing the behavioral realism compared to traditional
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rule-based ABM (Ghaffarzadegan et al. 2024; Gao et al.
2023a). Studies have shown that LLM agents can repli-
cate polarization dynamics (Ohagi 2024), information diffu-
sion, and emotional contagion through text exchanges (Gao
et al. 2023b), and respond to persuasive rhetorical strategies
(Breum et al. 2024). However, these agent-agent simulations
often lack the direct theoretical grounding of classical mod-
els or rigorous validation with human behavior.

Experimental studies involving human participants of-
fer unique potential for causal inference but remain rela-
tively scarce compared to observational and modeling work.
Building on foundations in social psychology regarding con-
formity and group identity (Asch 1951; Tajfel et al. 1971),
contemporary experiments often focus on targeted interven-
tions, examining how specific factors like content exposure
(Banks et al. 2021) or social identity cues (Wuestenenk, Tu-
bergen, and Stark 2023) affect perceptions or attitudes in
controlled settings. Other studies use simplified experimen-
tal tasks (e.g., numeric estimations) to calibrate parameters
for formal opinion dynamics models (Chacoma and Zanette
2015; Das, Gollapudi, and Munagala 2014). While valuable,
these approaches typically either lack the ecological validity
of a full social media environment or constrain interaction
in ways that miss the nuances of online discourse.

Our work bridges these gaps by developing an experimen-
tal framework that integrates LLM-based agents generating
realistic discourse within a controlled simulation environ-
ment, allowing human participants to interact naturally. This
approach enables the systematic manipulation of environ-
mental factors (like discourse polarization and recommen-
dation bias) grounded in modeling principles, while measur-
ing behavioral and perceptual responses in an ecologically
relevant context, thus combining the strengths of controlled
experimentation and realistic interaction.

3 Simulation Model

Our computational framework integrates opinion dynamics
principles with LLM-based agents to investigate polariza-
tion in social networks. The framework employs OpenAl’s
GPT-40-mini model' to create agents capable of generat-
ing realistic content through posts, comments, and reposts,
as well as performing social media interactions such as lik-
ing and following. The system architecture comprises three
primary components: an agent-based architecture, an LLM
infrastructure for content generation, and a social network
structure for information dissemination.

Each agent in our simulation represents an individual user,
characterized by a continuous opinion value o; € [—1,1]
(negative=opposition, positive=support), a personality de-
scription, a biography, and an interaction history. The ini-
tial opinion distribution is configurable: for polarized con-
ditions, a bimodal distribution (e.g., centered at +£0.8) is
used, while for moderate conditions, a unimodal distribu-
tion (e.g., centered at 0) is employed (see Appendix A for
details). Agents are also distinguished as regular users or in-
fluencers, with influencers having higher posting probabili-
ties (Pinf > Preg) and greater network influence.

"https://platform.openai.com/docs/overview



Message generation relies on LLM prompting structured
by multiple contextual elements: the agent’s specific opin-
ion value (0;), the topic description, their personality, recent
interactions, and opinion intensity-based instructions (e.g.,
expressing more certainty and emotion for higher |o;|). This
comprehensive context ensures messages reflect individual
characteristics and appropriate discourse patterns. Detailed
prompting components are listed in Appendix A, Table ??.

Agent interactions (likes, comments, reposts) are gov-
erned by a probabilistic model, Preset(A4;,m), determining
the likelihood of agent A; reacting to a message m. The in-
teraction probability is formalized as:

Preact(Aiym) = pp - (1 —w) +w - ¢(0;))-
p(oiaﬂ-(A%m)) (1)

This equation combines three key components: (1) a base
probability (py) specific to the interaction type (like, com-
ment, repost); (2) the agent’s opinion strength (¢(|o;])),
where agents with stronger opinions have a higher base-
line reactivity, weighted by parameter w; and (3) an opinion
alignment function p(o;, w(A4;, m)).

The function 7(A;, m) uses an LLM to assess the opin-
ion expressed in message m relative to agent A;’s con-
text, mapping it to the [—1, 1] scale. The alignment func-
tion p (detailed in Appendix A) calculates the reaction like-
lihood based on the similarity (pgim) or difference (popp) be-
tween the agent’s opinion o; and the assessed message opin-
ion w(A;, m). It uses sigmoid functions to model a contin-
uous transition, resulting in a U-shaped probability curve
(see Appendix A, Figure 3): interactions are likely for high
agreement (psi, dominates) and, to a controlled extent, for
high disagreement (pop, dominates), but unlikely for neu-
tral alignment. Crucially, the influence of disagreement is
modulated by a cross-ideology factor ¢ € [0, 1], which is
set higher for comments and reposts (¢ > 0) than for likes
(¢ = 0), enabling cross-ideological engagement for more
active interaction types.

The social network is modeled as a directed graph where
nodes are agents and edges represent *follow’ relationships.
The network structure evolves dynamically. Initial connec-
tions are formed probabilistically based on opinion ho-
mophily (agents are more likely to follow others with similar
opinions) and influencer status (influencers are more likely
to be followed). Subsequently, agents can form new connec-
tions based on recommendations and dissolve existing ones
independently. Following decisions use the same reaction
probability function (Eq. 1) that governs other interactions,
but with the agent’s opinion values directly substituted for
the message evaluation: p(o;, 0;) instead of p(o0;, T(A;, m)).
Unfollowing occurs randomly with a fixed base probability.

Information propagation is governed by a recommenda-
tion system determining message visibility. An influence
score 7)(A;) is calculated for each potential message au-
thor A; based on their normalized follower count: n(A;) =
[followers(A;)|/(|V]| — 1), where V is the set of all agents.
For a target agent A;, the system recommends the top N
messages from the set of eligible messages (those not yet
seen by A; and not authored by A;) authored by agents with
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the highest influence scores 7. This maintains controlled ex-
posure while incorporating network structure effects.

The simulation operates through discrete time steps, with
each iteration encompassing content generation, agent in-
teractions (based on the probabilistic model and recom-
mendations), and network evolution. This allows for exam-
ining emergent phenomena like network polarization and
echo chamber formation. Further mathematical formaliza-
tions, specific parameter settings, and the simulation algo-
rithm pseudocode are provided in Appendix A.

4 User Study

In this section, we will investigate how discussion polariza-
tion and algorithmic content curation in social media envi-
ronments affect human perception of debates and their en-
gagement behavior. Through a controlled experiment using
a simulated social media platform, we examine how differ-
ent levels of discussion polarization (polarized vs. moder-
ate) and recommendation bias (pro, balanced, contra) shape
opinion formation and interaction patterns.

Experimental Design

We employed a 2 x 3 between-subjects factorial design to
investigate the dynamics of opinion formation and percep-
tion of polarization in online discussions. The experimen-
tal design manipulated two key dimensions: the Polariza-
tion Degree in the artificial agent population and a system-
atic Recommendation Bias while maintaining Universal Ba-
sic Income (UBI) as the consistent discussion topic.

We employed a 2 x 3 between-subjects factorial design to
investigate the dynamics of opinion formation and percep-
tion of polarization in online discussions. The experimen-
tal design manipulated two key dimensions: the Polariza-
tion Degree in the artificial agent population and a system-
atic Recommendation Bias while maintaining Universal Ba-
sic Income (UBI) as the consistent discussion topic. This
design allows us to compare the effects of high polariza-
tion against a baseline of moderate polarization. Our focus
is specifically on understanding how increasing the inten-
sity of polarization in the discourse environment affects user
perception and behavior.

The first experimental dimension contrasted highly po-
larized discussions with a moderate discourse condition
through the manipulation of artificial agent behavior. In
the polarized condition, artificial agents expressed extreme
viewpoints and employed confrontational discourse pat-
terns, characterized by emotional language, strong asser-
tions, and minimal acknowledgment of opposing view-
points. The moderate condition, serving as the comparative
baseline, featured more nuanced discussions and coopera-
tive interaction styles, with agents expressing uncertainty,
acknowledging limitations in their knowledge, and engag-
ing constructively with opposing views.

The second dimension introduced systematic bias in the
recommendation system, implemented across three levels:
neutral (50% pro-UBI, 50% contra-UBI content), pro-bias
(70% pro-UBI, 30% contra-UBI content), and contra-bias
(30% pro-UBI, 70% contra-UBI content). This manipula-
tion aimed to investigate how algorithmic content curation



interacts with the discourse environment to potentially shape
opinion formation and perception of debate polarization.

The selection of UBI as the focal topic was driven by sev-
eral strategic considerations. Unlike heavily polarized topics
where individuals often hold entrenched positions, UBI rep-
resents an emerging policy proposal where public opinion
remains relatively malleable, making it ideal for studying
opinion formation and polarization dynamics. While UBI
evokes fewer preset opinions, it remains sufficiently con-
crete and consequential to generate meaningful discourse,
with its complexity spanning economic, social, and techno-
logical dimensions. Recent polling data supports UBI’s suit-
ability, showing a balanced distribution of opinions with ap-
proximately 51.2% of Europeans (Vlandas 2019) and 48%
of Americans (Hamilton, Yorgun, and Wright 2022) ex-
pressing support, while significant portions remain unde-
cided or hold moderate views. Additionally, UBI’s limited
real-world implementation means participants’ opinions are
more likely to be based on theoretical arguments rather than
direct experience or partisan allegiances, allowing us to ex-
amine how social media dynamics can influence opinion for-
mation before entrenched polarization takes hold.

System Prototype

The prototype implementation consists of a web application
that simulates a social media platform, reminiscent of X (for-
merly Twitter), to study social polarization dynamics. The
interface, as depicted in Appendix B, Figure 4, adheres to
a familiar social media layout, facilitating user engagement
and interaction.

The application’s main interface is divided into three pri-
mary sections: a navigation sidebar on the left, a central
Newsfeed, and a recommendation panel on the right. The
navigation sidebar provides quick access to essential func-
tionalities such as the user’s profile, a general user overview,
and a logout option. The central Newsfeed serves as the pri-
mary interaction space, where users can view and engage
with recommended posts from other users (see the appendix
for details on the recommendation procedure). At the top of
the Newsfeed, a text input area invites users to share their
thoughts, mimicking the spontaneous nature of social media
communication.

The Newsfeed displays a series of posts, each accompa-
nied by user avatars, usernames, timestamps, and interaction
metrics such as likes, comments, and reposts. This design
encourages user engagement and provides visual cues about
the popularity and impact of each post. The recommendation
panel on the right side of the interface suggests other users to
follow, potentially influencing the user’s network expansion
and exposure to diverse viewpoints.

User profiles are dynamically generated, displaying the
user’s posts, follower relationships, and other relevant meta-
data like a user’s handle and biography. It is also possible to
follow and unfollow artificial users.

Procedure

The experiment consisted of three phases: pre-interaction,
interaction, and post-interaction.
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Pre-interaction Phase Participants first completed a com-
prehensive questionnaire assessing various baseline mea-
sures. These included demographic information, social me-
dia usage patterns, and initial attitudes towards UBI.

Interaction Phase Afterwards, participants were intro-
duced to our simulated social media platform. Each partic-
ipant interacted individually in an isolated instance of the
platform, i.e., they did not communicate with other human
users. Instead, the platform was populated by a set of 30
pre-programmed artificial agents specific to their assigned
experimental condition, including three designated ’influ-
encers’ on each side of the UBI debate. These agents first en-
gaged in agent-only simulations run for 10 iterations. These
preparatory simulations, conducted under either polarized or
moderate initial opinion distributions with agent opinions
held fixed, generated the platform’s initial state, including
a history of posts, comments, reposts, likes, and follow rela-
tionships.

In the polarized condition, agents averaged 2.16 posts,
8.07 likes, 5.47 comments, and 2.90 reposts per agent, with
influencers showing notably higher activity. The moderate
condition showed similar posting patterns (2.07 posts per
agent) but reduced commenting (1.60) and reposting (1.57)
activity. Full statistics are available in Appendix B, Table ??.

Participants were instructed to engage with the platform
naturally, as they would in their regular social media use.
They received the following instructions:

"You will now interact with a social media platform
discussing Universal Basic Income. Please use the
platform as you normally would use social media.
You can read posts, like them, comment on them, or
create your own posts. Your goal is to form an opinion
on the topic. You will have 10 minutes for this task."

During this 10-minute phase, participants’ interactions
(likes, comments, reposts, follows) were recorded for later
analysis. Crucially, while participants interacted, the arti-
ficial agents did not generate any new content; this was a
deliberate design choice to ensure exposure to a controlled
initial environment. However, the participant’s newsfeed re-
mained dynamic, updated by the recommendation algorithm
which presented content from the pre-generated pool ac-
cording their individual interaction behavior.

Post-interaction Phase After the interaction period, par-
ticipants completed a post-test questionnaire. This included
measures of their perception of the key constructs listed be-
low. Additionally, participants evaluated the realism and ef-
fectiveness of the simulated platform.

Ethical Considerations and Risk Mitigation While our
primary goal is to better understand and mitigate harmful po-
larization, we recognize that such simulations could poten-
tially cause harm to study participants. In accordance with
the review of our institution’s ethics committee, we have
taken several precautionary steps to address potential risks:

* Data Anonymization and Participant Welfare: All partic-
ipant data were anonymized, and recruitment processes
adhered to established privacy and consent guidelines.



Participants were fully debriefed about the nature of the
artificial agents and could withdraw from the study at any
time without penalty.

* Responsible Platform Design: While we aimed to mimic
real social media interfaces to enhance ecological valid-
ity, we integrated disclaimers in participant instructions,
clarifying the experimental setting. This reduces decep-
tion and protects against unintended distress.

Measures

All constructs were measured using four-item scales rated on
5-point Likert scales (1 = Strongly Disagree to 5 = Strongly
Agree) (see Appendix B, Table 6 for the full item list and
factor loadings). Key constructs measured in this study in-
cluded:

* Opinion Change: Measured shifts in participants’ opin-
ions about UBI between pre- and post-interaction phases.
This was calculated as the difference between the average
scores of the opinion items before and after interaction.

* Perceived Polarization: Assessed participants’ percep-
tion of opinion extremity and ideological division, focus-
ing on the perceived distance between opposing view-
points.

* Perceived Group Salience: Evaluated the extent to which
participants perceived the discussion as being driven by
group identities rather than individual perspectives. Un-
like other measures, this scale retained only two of four
initial items after psychometric analysis (see Appendix
B).

* Perceived Emotionality: Measured participants’ assess-
ment of the emotional intensity and affective tone, cap-
turing the perceived level of emotional versus rational
discourse.

e Perceived Uncertainty: Captured the degree to which par-
ticipants observed expressions of doubt and acknowledg-
ment of knowledge limitations.

* Perceived Bias: Evaluated participants’ assessment of
viewpoint balance and fair representation.

Participants

We recruited 122 participants through the Prolific® plat-
form (compensation was set according the recommended
pay rate of $12/hour). Participants were evenly distributed
across the six experimental conditions (N =~ 20 per condi-
tion). The sample exhibited a gender distribution favoring
male participants (63.6%) over female participants (35.7%),
with a single participant preferring not to disclose their gen-
der. The age distribution revealed a predominantly young to
middle-aged sample, with approximately 61.5% of partici-
pants falling between 20 and 39 years old. The modal age
group was 25-29 years (18.6%), followed by 35-39 years
(15.0%).

Regarding educational background, nearly half of the par-
ticipants (49.3%) held university degrees, indicating a rel-
atively high level of formal education in the sample. The

“https://www.prolific.com/
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remaining participants were distributed across various ed-
ucational qualifications, with A-levels/IB, GCSE, and voca-
tional certifications each representing approximately 11% of
the sample.

The majority of participants were professionally active,
with 58.6% being employees and 10.7% self-employed.
The sample also included a notable proportion of students
(15.7% combined university and school students), reflecting
diverse occupational backgrounds.

Participants demonstrated high engagement with social
media platforms, with 80% reporting daily or near-constant
usage. The majority (75%) spent between one and four
hours daily on social media platforms. YouTube (25.0%)
and Facebook (24.3%) emerged as the most frequently used
platforms, followed by Instagram (17.9%) and X, formerly
Twitter (10.7%). This usage pattern suggests participants
were well-acquainted with social media interfaces and inter-
action patterns, making them suitable subjects for the study’s
simulated social media environment.

Analysis of Debate Perception

Our first analysis examines how users perceive and process
discussions under varying conditions of Polarization Degree
and Recommendation Bias (see Appendix B for prelimi-
nary analyses). We specifically investigate whether partic-
ipants recognize polarized discourse patterns, how they pro-
cess emotional and group-based content, and how Recom-
mendation Bias might moderate these perceptions. Through
this analysis, we aim to understand the psychological mech-
anisms through which discussion climate and content cura-
tion are associated with users’ experience of online debates.

Results We analyzed the effects of discussion Polariza-
tion Degree and Recommendation Bias using 2 x 3 ANOVAs
(see Table ?? for full statistics and Figure 1 for interaction
plots). The results consistently showed significant main ef-
fects of Polarization Degree across most perceptual vari-
ables, whereas Recommendation Bias had a more limited
impact.

Regarding Opinion Change, neither Polarization Degree
nor Recommendation Bias yielded statistically significant
main effects (Table ??). However, descriptive statistics sug-
gested a trend towards stronger opinion shifts (more nega-
tive) specifically in the polarized condition combined with
contra-bias recommendations (M = —0.41), compared to
minimal changes in other conditions.

The Polarization Degree manipulation strongly influ-
enced the perceived discussion climate. Participants rated
Perceived Polarization significantly higher in the polarized
condition (M = 4.46) compared to the unpolarized condi-
tion (M = 3.35), a difference confirmed by post-hoc tests
(p < .001, Hedges’ g = 1.36). This represented a substan-
tial main effect (Table ??).

Perceived Emotionality showed the strongest main effect
of Polarization Degree in the study (7712, = 0.388, p < .001),
with polarized discussions perceived as significantly more
emotional (M = 3.58 vs. M = 2.44 for unpolarized;
Hedges’ g = 1.53). While the main effect of Recommen-
dation Bias was not significant, a marginal interaction effect



Recommendation Bias

ANOVA F(p)

Metric Polarization
Contra Balanced Pro Pol Rec PolxRec

Opinion Chanee Polarized -0.41 (0.60) -0.08 (0.55) -0.10 (0.33) 3.48 1.74 1.90
P g Moderate -0.06 (0.38) -0.09 (0.43) -0.02 (0.26) (.065) (.180) (.154)
Polarization Polarized 4.47 (0.82) 4.61 (0.97) 4.29 (0.75) 56.48+%* 0.02 1.50
Moderate 3.30 (0.69) 3.23 (0.83) 3.54 (0.84) (.000) (.979) (.228)
Emotionalit Polarized 3.80 (0.48) 3.59 (0.99) 3.36 (0.80) 73.54%%* 1.42 2.44
y Moderate 2.50 (0.74) 2.17 (0.60) 2.65 (0.83) (.000) (.245) (.092)
Group Salience Polarized 2.94 (0.60) 2.86 (0.51) 3.21(0.42) 17.18%%:% 5.63** 0.07
p Moderate 2.51(0.59) 2.42 (0.65) 2.86 (0.40) (.000) (.005) (.934)
Bias Polarized 3.50 (0.87) 3.20 (0.76) 3.83 (0.59) 15.08:%%*:* 0.44 3.73%*
” Moderate 3.05 (0.82) 3.02 (0.87) 2.68 (0.87) (.000) (.648) (.027)
Uncertaint Polarized 2.29 (0.60) 2.03 (0.60) 1.90 (0.75) 48.86%** 0.97 1.06
y Moderate 2.92(0.71) 2.83 (0.69) 2.96 (0.48) (.000) (.383) (.350)

Note: Values show means with standard deviations in parentheses. Bold values indicate significantly higher means between polarized
and Moderate conditions. F-statistics in bold are significant. Pol = Polarization main effect, Rec = Recommendation main effect,

PolxRec = Interaction effect. *p < .05, **p < .01, ***p < .001

Table 1: Effects of Polarization and Recommendation Bias on Key Dependent Variables

with Polarization Degree was observed (p = .092).

Similarly, Perceived Uncertainty was significantly lower
in polarized discussions (M = 2.07) compared to unpolar-
ized ones (M = 2.90), indicating another strong main effect
of Polarization Degree (17127 = 0.296, p < .001; Hedges’
g = —1.26).

Perceived Group Salience was significantly affected by
both Polarization Degree (p < .001) and Recommendation
Bias (p = .005). Polarized conditions elicited higher percep-
tions of group-based discourse (M = 3.00 vs. M = 2.59 for
unpolarized; Hedges’ g = 0.73). Post-hoc tests for Recom-
mendation Bias indicated significantly higher salience in the
pro-bias condition compared to contra-bias (p = .011) and
neutral (p = .001) conditions (see Table ?? for means).

Finally, Perceived Bias showed a significant main effect
of Polarization Degree (p < .001) and a significant inter-
action effect (p = .027). Participants perceived higher bias
in the polarized condition (M = 3.51) compared to the un-
polarized condition (M = 2.92; Hedges’ ¢ = 0.69). The
interaction indicated this effect was particularly pronounced
under pro-bias recommendations (Table ?7?).

Discussion Our findings reveal significant insights into
how users perceives and process polarized discussions
within our simulated social media environment. The results
demonstrate that the manipulation of Polarization Degree
was associated with profound differences across multiple
perceptual dimensions, while Recommendation Bias played
a more nuanced role in shaping user experiences in this con-
text.

The strong association between Polarization Degree and
Perceived Emotionality (772 = 0.388) suggests that partic-
ipants were highly attuned to the emotional tenor of dis-
cussions. This heightened emotional perception in polarized
conditions indicates that users readily distinguish between
measured discourse and emotionally charged exchanges,
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which might relate to their willingness to engage in dis-
cussions. The parallel increase in Perceived Polarization
(7712, = 0.327) further supports this interpretation, suggesting
that emotional intensity may serve as a key signal for users
in assessing the degree of polarization in online discussions
they encounter.

A particularly noteworthy finding is the inverse rela-
tionship between Polarization Degree and Perceived Un-
certainty (775 = 0.296). The significant decrease in Per-
ceived Uncertainty within polarized discussions aligns with
theoretical frameworks suggesting that polarized discourse
often manifests through increased assertiveness and re-
duced acknowledgment of epistemic limitations. This pat-
tern observed in our experiment may help explain the self-
reinforcing nature often attributed to polarized discussions:
as uncertainty expressions diminish, the space for nuanced
dialogue and opinion adjustment potentially contracts.

The observed differences on Perceived Group Salience
(np = 0.129) and Perceived Bias (n; = 0.115) provide
insights into how polarization might relate to the social-
cognitive dimensions of online discourse. The emergence
of stronger group-based discourse perceptions in polarized
conditions suggests that heightened polarization could be
linked to increased social categorization processes, poten-
tially facilitating the formation of opposing camps. This in-
terpretation is strengthened by the significant interaction be-
tween Polarization Degree and Recommendation Bias on
Perceived Bias, particularly pronounced in pro-bias condi-
tions. This interaction suggests that algorithmic curation,
when combined with polarized discourse in this manner,
may amplify the salience of group divisions.

The absence of significant effects on Opinion Change,
despite the substantial perceptual differences across con-
ditions, merits careful consideration. This finding suggests
that while users readily recognize polarized discourse pat-
terns, their own positions might remain relatively stable dur-
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Figure 1: Interaction plots showing the effects of polarization and recommendation type on dependent variables. Blue lines
represent the polarized condition, green lines represent the unpolarized condition. Error bars represent 95% confidence intervals.

ing the kind of short-term exposure used in this study. How-
ever, the trending pattern of stronger opinion changes in po-
larized conditions with contra-bias hints at potential longer-
term effects that warrant further investigation.

These results carry important implications for thinking
about platform design and intervention strategies. The clear
user sensitivity to emotional content and group-based dis-
course suggests that interventions targeting these aspects
might be particularly effective in mitigating polarization ef-
fects. Moreover, the complex interaction between Polariza-
tion Degree and Recommendation Bias indicates that algo-
rithmic content curation strategies should consider not only
viewpoint diversity but also the emotional and social dynam-
ics of the content being recommended.

Our findings also highlight the multifaceted nature of po-
larization perception. The strong correlations between emo-
tional intensity, reduced uncertainty, and increased group
salience suggest that polarization manifests through a con-
stellation of interrelated perceptual changes. This insight
suggests that effective interventions might need to address
multiple aspects simultaneously rather than focusing on sin-
gle dimensions of polarized discourse. It is important to re-
iterate, however, that these findings stem from a controlled
experiment, and their direct applicability to real-world plat-
form dynamics requires further investigation.

Analysis of User Engagement

Our second analysis examines how polarization and rec-
ommendation bias shape user engagement behaviors on the
platform. We investigate both the quantity and quality of in-

463

teractions, analyzing how different experimental conditions
affect users’ preferences for specific types of engagement
(likes, comments, reposts, and follows). This analysis aims to
understand whether polarized environments and algorithmic
bias are associated with differences in not just how much
users engage, but also how they choose to participate in dis-
cussions.

Results Our analysis revealed distinct patterns of user en-
gagement across the experimental conditions. Participants
generated 946 interactions in total (M = 6.91, SD = 8.50,
Mdn = 5.00, Range: 0 — 56), with substantial individ-
ual variation. The majority (81.02%) engaged at least once.
Among active users, engagement levels spanned low (1 — 5
interactions; 36.5%), moderate (6 — 10; 24.82%), and high
(> 105 19.71%) categories.

Figure 5 shows a clear hierarchy in interaction types:
Likes were dominant (54.02%, M = 3.73), followed by fol-
lows (26.53%, M = 1.83), reposts (9.41%, M = 0.65), and
comments (7.61%, M = 0.53). This suggests a preference
for lower-effort engagement.

Correlation analysis revealed strong positive associations
between fotal interactions and both likes (r = .93, p < .001)
and follows (r = .73, p < .001), moderate correlation with
comments (r = .45, p < .001), and weaker correlation with
reposts (r = .37, p < .001). Notably, comments and reposts
showed minimal correlation (r = .01, p = .899), suggesting
distinct user purposes.

ANOVA results (Table ??) indicated a significant main
effect of Recommendation Bias on total interactions (1)12)



. .. Recommendation Bias ANOVA
Metric Polarization
Contra Balanced Pro F P
. Polarized 10.30 (12.43) 4.82 (4.49) 4.80 (5.29) R B
Interactions Moderate 7.92 (7.62) 4.71 (3.26) 9.25 (12.85) 3.25 042
. Polarized 5.65 (9.53) 2.55 (2.65) 2.35 (2.54) R
Likes Moderate 438 (4.03) 2.64 (2.44) 4.95 (8.22) 2.25 110
Polarized 0.65 (1.03) 0.45 (0.67) 0.40 (0.82) R
Reposts Moderate 1.08 (2.30) 0.29 (0.46) 1.10 (1.86) 1.89 156
Polarized 0.35 (0.57) 0.23 (0.43) 0.25 (0.55) ,
Comments Moderate 0.50 (1.18) 0.71 (1.12) 1.10 (1.94) 6.51 012%
Polarized 3.30 (4.12) 1.45 (1.84) 1.50 (2.82) R
Follows Moderate 1.88 (3.38) 1.04 (1.57) 1.95 (3.33) 2.60 078

Note: Values show means with standard deviations in parentheses. Bold values indicate highest means within recommendation bias
conditions. “F-statistic for main effect of Recommendation (df = 2, 134). ®F-statistic for main effect of Polarization (df = 1, 135). *p

< .05

Table 2: Main Effects of Experimental Conditions on User Engagement

.046). Post-hoc tests revealed significantly more interactions
in the contra-bias condition compared to the balanced condi-
tion (p = .008, Hedges’ g = 0.56); other comparisons were
not significant (see Table ?? for means).

Analysis of specific interaction types showed a significant
main effect of Polarization Degree on commenting (7712, =
.046). Participants commented more in unpolarized condi-
tions (M = 0.77) compared to polarized ones (M = 0.28),
suggesting moderate environments may facilitate this form
of engagement.

Other interaction types showed no significant main ef-
fects, though trends emerged. Following behavior showed a
marginal effect of Recommendation Bias (p = .078, 77]2J =
.037), with a tendency to follow more users when exposed to
opposing views (contra-bias) compared to balanced content.
Likes showed a non-significant trend consistent with toral
interactions (p = .110).

Examining the interaction patterns (Table ??, Figure 2),
engagement in polarized conditions peaked under contra-
bias recommendations, while being notably lower in bal-
anced and pro-bias conditions. In unpolarized conditions,
engagement was more evenly distributed but remained el-
evated in contra- and pro-bias conditions compared to the
balanced condition.

Discussion The patterns of user activity reveal nuanced in-
sights into how Polarization Degree and Recommendation
Bias relate to engagement behaviors in our simulated online
discussions. Our analyses demonstrate that these factors are
associated not only with the quantity of interactions but also
with how users choose to participate in debates within this
environment.

The clear hierarchy in engagement forms—with likes
(54.02%) dominating over follows (26.53%), reposts
(9.41%), and comments (7.61%)—reflects fundamental pat-
terns often observed in social media behavior and a general
preference for lower-effort interactions. Notably, the mini-
mal correlation between comments and reposts (r .01)
challenges the intuition that all forms of active engagement
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serve similar functions. Instead, these behaviors may repre-
sent distinct modes of participation, with commenting indi-
cating dialectical engagement while reposting signals con-
tent amplification. The low absolute rate of commenting
(M=0.53 per user over 10 minutes) is also noteworthy. This
could reflect the short interaction time, the specific nature
of the UBI topic for this participant pool, or potentially a
platform design where passively consuming or liking con-
tent generated by agents was easier or more appealing than
formulating original comments.

The observed association between Polarization Degree
and commenting behavior (1712) = .046) warrants careful in-
terpretation. While higher commenting rates in unpolarized
conditions appear to suggest that moderate discourse envi-
ronments foster more substantive engagement (Koudenburg
and Kashima 2022; Yousafzai 2022), this interpretation re-
quires qualification based on our specific setup. Our sam-
ple exhibited predominantly moderate attitudes toward UBI,
making them potentially unrepresentative of users who ac-
tively engage in real-world polarized discussions (Simchon,
Brady, and Van Bavel 2022). The reduced commenting in
polarized conditions might thus reflect a mismatch between
discussion climate and user predispositions in our study
rather than an inherent effect of polarization that would gen-
eralize to all contexts.

The significant effect of Recommendation Bias on total
interactions (7)12, = .046) is particularly noteworthy when
considered alongside opinion formation. The higher engage-
ment in the polarized contra-bias condition (M = 10.30)
coincided with the strongest observed opinion shifts (M =
—0.408). Given that UBI represents a proposal for systemic
economic change, arguments against it may have resonated
more strongly with users’ status quo bias and loss aversion.
In a polarized environment, these contra-UBI arguments
might have appeared particularly salient and consequential,
potentially contributing to both increased engagement and
stronger opinion shifts in our participants. This suggests that
the combination of topic-specific factors—namely the po-
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Figure 2: Interaction plots showing the effects of polarization and recommendation type on user engagement. Blue lines repre-
sent the polarized condition, green lines represent the unpolarized condition. Error bars represent 95% confidence intervals.

tentially threatening nature of economic system changes—
with polarized discourse could be associated with amplified
user engagement, particularly when arguments align with
psychological tendencies toward preserving existing sys-
tems.

Finally, we note that approximately 19% of participants
recorded zero interactions (including likes, comments, re-
posts, or follows) during the 10-minute interaction phase.
While the majority engaged, this level of non-engagement
could be attributed to several factors, including the short du-
ration potentially leading some users to primarily observe,
individual differences in engagement styles (passive con-
sumption), topic disinterest, or possible undetected technical
friction.

While these findings provide initial insights into the re-
lationship between platform design, user engagement, and
opinion dynamics, several limitations suggest the need for
more extensive research. The short-term nature of our study
and its focus on a single topic limit generalizability. Fu-
ture research should pursue longitudinal studies comparing
topics with varying degrees of polarization and personal in-
volvement to distinguish between topic-specific effects and
general patterns of online discourse dynamics. Our findings
thus represent a starting point for understanding the com-
plex interplay between platform design, user behavior, and
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opinion dynamics in online discussions, highlighting asso-
ciations observed under controlled conditions that merit fur-
ther exploration in more ecologically complex settings.

5 Opverall Discussion

This study presents a novel methodological framework for
investigating online polarization through controlled exper-
imental manipulation of social media environments using
LLM-based artificial agents. Our findings demonstrate that
this approach can successfully reproduce key characteristics
of polarized online discourse while enabling precise control
over environmental factors within the simulation. The in-
tegration of sophisticated language models with traditional
opinion dynamics frameworks represents a significant ad-
vancement in our ability to study the microfoundations of
polarization processes under controlled conditions.

Our experimental framework advances beyond purely ob-
servational and theoretical approaches by providing direct
empirical evidence regarding associations between specific
online environment features and resulting user perceptions
and behaviors within our experimental setting. The observed
patterns on perceived emotionality, uncertainty expression,
and group identity salience thereby align with theoretical
predictions from social identity theory and group polariza-



tion research (Tajfel and Turner 1979; Huddy 2001; Al-
bertson 2015; Ruiz-Sanchez and Alcantara-Pla 2019; Bliuc,
Bouguettaya, and Felise 2021). The strong relationship ob-
served in our data between polarization and emotional dis-
course provides empirical support for theories of affective
polarization (Fischer and Lelkes 2023; Mason 2016, 2015;
Iyengar, Sood, and Lelkes 2012; Iyengar and Westwood
2015), while the inverse relationship with perceived uncer-
tainty substantiates theoretical arguments about epistemic
closure in polarized contexts.

The methodological contribution of this work extends be-
yond its immediate findings. By demonstrating the feasibil-
ity of using LLM-based agents to create controlled yet eco-
logically relevant social media environments, we provide re-
searchers with a powerful new tool for studying online so-
cial dynamics. This approach offers several advantages over
traditional methods: it enables precise manipulation of dis-
course characteristics, allows for systematic variation in net-
work structure and content exposure, and facilitates the col-
lection of fine-grained behavioral data that would be diffi-
cult to obtain in naturalistic settings. Crucially, it allows for
probing potential relationships between environmental fac-
tors and user responses in a controlled manner, which obser-
vational studies cannot achieve.

The synthetic social network approach developed in this
study represents a significant methodological innovation for
the study of online polarization. By combining the control-
lability of agent-based simulations with the linguistic so-
phistication of LLMs, we create environments that capture
both the structural and discursive dimensions of online inter-
action. This allows researchers to investigate how different
platform features and interaction patterns might contribute
to polarization while maintaining experimental control.

However, several important limitations must be acknowl-
edged when interpreting the findings and considering their
generalizability. First, regarding the simulation’s core com-
ponents, it is crucial to discuss the extent to which LLM-
based agents serve as reliable proxies for human behav-
ior. While recent work demonstrates LLMs can replicate
certain human-like interaction patterns and generate stylis-
tically appropriate text (Chuang et al. 2024; Breum et al.
2024), they lack genuine beliefs, emotions, cognitive biases,
or deep reasoning capabilities. Their value lies primarily in
generating controlled, contextually relevant textual stimuli
that constitute the social environment experienced by the
human participants. Participant feedback reflected this du-
ality—some found the discourse convincing, with one not-
ing, “The discussion was almost always on topic. Almost all
users had well articulated point of views and the messages
were straight to the point,” while another observed signs of
artificiality, stating “I felt all the messages were Al gener-
ated (for the style used and little diversity in responses) and
also very similar in content.” These comments underscore
that while LLM agents can mimic discourse patterns effec-
tively, they may struggle with diversity and nuance. The fo-
cus is thus on the measured effect of this simulated envi-
ronment on human responses, rather than assuming agents
perfectly mirror human processes. Validating agent behav-
ior against fine-grained human interaction data remains an
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ongoing challenge.

Second, the simulation represents a necessary simplifica-
tion of the complex reality of online social interaction. The
short-term nature of our experimental exposure means we
cannot make definitive claims about how these processes
unfold over longer periods. Additionally, our experimental
design compares the effects of high polarization against a
baseline of moderate polarization, rather than incorporating
a zero-treatment control group. While this design allows for
investigating the impact of increasing polarization intensity,
it limits our ability to assess the absolute effects of expo-
sure compared to a non-exposed baseline. While our results
demonstrate that the simulation framework can reproduce
key features of polarized discourse and elicit expected user
responses in the short term, questions remain about how
these effects might evolve over extended periods of interac-
tion. Furthermore, the simulated environment, particularly
aspects like the network structure evolution and recommen-
dation system, simplifies the sophisticated mechanisms gov-
erning real-world platforms. Major platforms utilize com-
plex recommender systems based on deep learning and ex-
tensive user data, which are far more intricate than the com-
ponents implemented here. Finally, the artificial nature of
the experimental environment, despite efforts towards eco-
logical validity, may not encompass all relevant aspects of
real-world social media use. Acknowledging this gap be-
tween the simulation and real-world complexity is essential
for contextualizing our findings.

Future research should address these limitations by con-
ducting longitudinal studies that track user behavior and at-
titude change over extended periods. Incorporating a zero-
treatment control group could provide valuable baseline
comparisons. Future iterations could also incorporate more
complex agent models (e.g., with adaptive strategies or
memory decay) and more sophisticated network dynamics
to bridge the gap with real-world systems. Exploring the role
of different content recommendation algorithms and inves-
tigating potential intervention strategies remain crucial av-
enues. Particularly promising directions include investigat-
ing the role of influencer dynamics in polarization processes,
exploring how different moderation strategies might affect
discourse quality, and examining how varying levels of al-
gorithmic content curation are associated with differences
in user behavior and perception. The framework could also
be adapted to study other aspects of online social behavior,
such as information diffusion patterns or the emergence of
new social norms.

6 Conclusion

This study introduces a novel methodological framework for
investigating online polarization through the integration of
LLM-based artificial agents and controlled social network
simulation. Our findings demonstrate both the technical fea-
sibility and empirical utility of this approach, providing re-
searchers with a powerful new tool for studying social media
dynamics. The successful reproduction of key polarization
characteristics, validated through user testing, suggests that
synthetic social networks can serve as valuable experimental
environments for investigating online social phenomena.



Looking forward, this framework opens new avenues for
investigating various aspects of online social behavior, from
testing intervention strategies to examining the impact of
different platform features on user engagement. While our
current study focused on short-term effects, the methodol-
ogy we have developed provides a foundation for longer-
term investigations of polarization dynamics and other social
media phenomena. As online platforms continue to evolve
and shape public discourse, such controlled experimental
approaches will become increasingly valuable for under-
standing and potentially mitigating harmful polarization ef-
fects while promoting more constructive online dialogue.
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1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as vi-
olating privacy norms, perpetuating unfair profiling,
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exacerbating the socio-economic divide, or implying
disrespect to societies or cultures? The research ex-
amines online polarization through controlled experi-
ments with proper consent, anonymized data handling,
and ethical use of LLMs. The study aims to better un-
derstand and potentially mitigate harmful polarization
effects.

Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
The abstract and introduction clearly outline the three
main contributions: methodological innovation in syn-
thetic social networks, empirical insights from user
studies, and a framework for future research. These
claims are supported throughout the paper.

Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? The paper
explains in detail why a synthetic social network with
LLM agents is appropriate for studying polarization
dynamics, particularly in Section 3 and the appendix,
and validates the approach through user studies.

Do you clarify what are possible artifacts in the data
used, given population-specific distributions? The pa-
per discusses potential artifacts and acknowledges that
the simulation may represent an idealized version of
real-world interactions. The experimental design con-
trols for population-specific distributions.

Did you describe the limitations of your work? The pa-
per explicitly discusses limitations in the Discussion
section, including the short-term nature of exposure,
artificial environment effects, and potential generaliz-
ability concerns.

Did you discuss any potential negative societal im-
pacts of your work? The paper acknowledges poten-
tial risks of polarization studies and discusses how the
research aims to understand and mitigate harmful po-
larization effects rather than exacerbate them.

Did you discuss any potential misuse of your work?
The paper discusses responsible implementation of
LLM agents and experimental controls to prevent ma-
nipulation or harmful applications of the framework.

Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? The paper details measures including
data anonymization, ethical use of LLMSs, controlled
experimental conditions, and careful consideration of
participant welfare in the user studies.

Have you read the ethics review guidelines and en-
sured that your paper conforms to them? The pa-
per demonstrates compliance with ethical guidelines
throughout, particularly in experimental design and
human subject research protocols.

2. Additionally, if your study involves hypotheses testing...

(a)

Did you clearly state the assumptions underlying all
theoretical results? We outline all modeling assump-
tions in the Simulation Model and User Study sections.
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Have you provided justifications for all theoretical re-
sults? The User Study section empirically validates
our predicted outcomes (e.g., emotionality, group
salience) against the user study data.

Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? The Related Work section compares our ap-
proach to observational and standard opinion dynam-
ics models.

Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? The User Study section exam-
ines multiple drivers of polarization (emotional inten-
sity, group identity, recommendation bias).

Did you address potential biases or limitations in your
theoretical framework? The paper acknowledges and
addresses potential biases in both the simulation model
and experimental design, particularly in the Discus-
sion

Have you related your theoretical results to the exist-
ing literature in social science? The paper extensively
connects its findings to existing social science litera-
ture throughout, particularly in the Related Work and
Discussion sections.

Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? The Discussion section ad-
dresses implications for platform design and interven-
tion strategies to mitigate harmful polarization effects.

3. Additionally, if you are including theoretical proofs...

()

(b)

Did you state the full set of assumptions of all theoret-
ical results? The paper does not include formal theo-
retical proofs in the mathematical sense.

Did you include complete proofs of all theoretical re-
sults? The paper’s contribution is empirical and exper-
imental rather than proving theoretical results.

4. Additionally, if you ran machine learning experiments...

()

(b)

©

(d)

Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? The
paper includes detailed model specifications and ex-
perimental parameters in the appendix. Code will be
made available with the final submission.

Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? The paper
provides comprehensive details about the LLM setup,
agent parameters, and network configuration in the
Simulation Model section and the appendix.

Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
The paper reports standard deviations and confidence
intervals for key measurements.

Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? We have used the OpenAl
API for our computation, as mentioned in the Simula-
tion Model section.



(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? The paper
justifies its evaluation approach through user studies,
with detailed methodology descriptions.

(f) Do you discuss what is “the cost™ of misclassifica-
tion and fault (in)tolerance? Our experiments do not
involve classification tasks or cost-sensitive ML.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? The paper cites the key assets used: The GPT-
4o0-mini model from OpenAl for agent simulation and
the Prolific platform for participant recruitment.

(b) Did you mention the license of the assets? The paper’s
core components (GPT-40-mini and Prolific) are used
in compliance with their respective terms of service
and research use guidelines.

(c) Did you include any new assets in the supplemental
material or as a URL? The paper mentions providing
implementation details and experimental data in ap-
pendices.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
The paper describes obtaining participant consent for
the user study and data collection procedures.

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? The paper addresses data anonymiza-
tion and privacy protection measures in the methodol-
ogy sections.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
We do not plan to publicly release our synthetic and
participant data as standalone resources. Researchers
can generate similar data using our released code and
framework.

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? We do not in-
tend to publish our datasets beyond the scope of this
study. However, interested researchers can replicate
the dataset by running our public code and simulation
environment.

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given
to participants and screenshots? The paper includes
screenshots of the interface and detailed instructions
given to participants.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? The paper discusses potential risks to partici-
pants and mentions appropriate ethical considerations
in the methodology.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? The paper mentions recruiting partici-
pants through Prolific and implies standard compensa-
tion practices.

(d) Did you discuss how data is stored, shared, and deiden-
tified? The paper describes data handling procedures
and privacy protection measures for participant data.

A Simulation Model

This appendix provides the complete mathematical formal-
ization and technical implementation details of our simula-
tion model. We specify the formal definitions, algorithms,
and parameter settings that underpin the agent behavior, net-
work dynamics, and message generation mechanisms intro-
duced in Section 3.

Technical Note: The parameters and configurations pre-
sented in this appendix represent optimized values derived
from extensive offline evaluations of agent behavior, person-
ality generation, and interaction mechanisms. These evalu-
ations included tests of different hyperparameter configura-
tions, personality generation strategies, and interaction pat-
terns. Due to space limitations, detailed results from these
technical evaluations are omitted but will be presented in
forthcoming work.

Agent Model

Each agent A; in our simulation represents an individual
user, characterized by a set of attributes that define its iden-
tity and behavior:

A; ={oi,d;, bi, w4, Hy ) 2

where o; is a numerical value representing the agent’s
opinion on the topic under discussion, d; denotes the per-
sonality description, b; is a short biography, u; is a unique
username, and H; represents the interaction history.

Agents maintain fixed opinions throughout the simula-
tion, represented on a continuous spectrum:

0 € [-1,1] 3)

where negative values indicate opposition, zero represents
neutrality, and positive values signify support. The initial
opinion distribution is implemented through either a normal
distribution for communities with moderate views:

P( ) 1 _ (0—142)2 (4)
0) = ——e 20
oV 2w

or a bimodal distribution for polarized societies:
_ (o—py)? 1 _(o—uo)?
2

1 1
— | —e¢ 20 + ——e 202 5)
2 loV2r oV 2T (

where p (or 1 and p9) and o control the distribution cen-
ters and spread, respectively.

P(o) =



Moreover, each agent maintains a finite interaction history
H; = [h1, ha, ..., hi], operating as a first-in-first-out queue
to simulate human memory constraints. Both personality de-
scription d; and biography b; are automatically generated by
the LLM. Finally, the model distinguishes between regular
users and influencers, who share the same attribute structure
but differ in their content generation tendencies and network
influence. This hierarchical structure enables the study of
influence dynamics while maintaining experimental control
over opinion and interaction patterns.

Message Generation The probability of an agent generat-
ing a message at any time step is determined by their influ-

ence status:
_ {pinf
Preg

where pinr > preg reflects higher activity levels of influ-
ential accounts. Message characteristics are determined by
the agent’s opinion value o;, with stance derived from its
sign and intensity level from its absolute value. Table ??
summarizes how different intensity levels influence message
characteristics and rhetorical style and Table ?? depicts all
prompt components.

if A; is an influencer

P (A; .
pos () otherwise

(©)

Interaction Mechanisms Agents in our model interact
with messages through likes, comments, and reposts. To
capture the nuanced dynamics of these interactions in social
media environments, we have developed a comprehensive
probabilistic model. The probability of an agent A; reacting
to a message m is determined by the function Pe,e(A4;, m),
which incorporates multiple components to capture different
aspects of user behavior:

React(Aiam) =Db- ((]— - 'LU) +w- 1/1(01))
p(oia’[r(Aivm)) (7

This probability function combines several key elements:
a base probability p, that varies by interaction type, an
opinion-based interaction function p that evaluates opinion
alignment, an opinion strength factor ¥ (o;), and an opinion
assessment function 7. The parameter w controls the influ-
ence of opinion strength on the interaction probability.

The opinion assessment function 7(A;,m) determines
how agent A; interprets the opinion expressed in message
m through a LLM-based evaluation system. This function
maps a message to an opinion value in the range [-1,1]:

®)

The assessment considers multiple contextual factors: the
message content, the current topic of discourse, the agent’s
personality traits, the agent’s current opinion value o;, and
the agent’s cumulative history of previous interactions. The
LLM evaluates these components using a structured prompt
that provides detailed guidelines for opinion assessment, in-
cluding specific examples and rating scales.

m: (A, m) — [—1,1]
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Figure 3: Reaction probability functions for different mes-
sage opinion values (0,,). The curves demonstrate how inter-
action likelihood varies based on agent opinions, with peaks
at ideologically aligned positions. The asymmetric shape
captures both homophilic preferences and cross-ideological
interactions, particularly pronounced for extreme messages.

The foundation of our model is the opinion-based interac-
tion function p, which quantifies how the alignment between
an agent’s opinion and their message assessment influences
interaction probability:

p(0i, m(Ai;m)) = psim(0s, T(Ai, m))+

popp(0i> W(Aia m)) - C )

This function incorporates both similar and opposing
opinion components, mediated by a cross-ideology factor
¢ € [0,1] which enables the model to capture differential
responses to opposing viewpoints across various interaction
modalities. This is particularly relevant in social media con-
texts where users demonstrate distinct behavioral patterns
across different interaction types—for instance, exhibiting a
greater propensity to comment on content they disagree with
while preferentially liking aligned content. The probability
components for similar and opposing opinions are expressed
as:

psim (03, T(Ai, m)) = (1 = ¢(Joi — 7(Ai,m)]))”  (10)
Popp (03, T(As; m)) = (6(|oi — m(Ai,m)]))” (1
The response steepness parameter v = 10 governs

the sensitivity of the probability functions to opinion dif-
ferences. Higher values of v would result in more pro-
nounced differentiation between similar and dissimilar opin-
ions, while lower values would produce more gradual transi-
tions in the response curves. This parameter effectively con-
trols the model’s discrimination between varying degrees of
opinion alignment.

To model the continuous transition between similar and
opposing opinions, we employ a sigmoid function ¢(z) that
maps opinion differences to interaction probabilities:



Intensity

Message Characteristics

Low (|o;| < 0.3)

Moderate (0.3 < |o;| < 0.7)

High (o;| > 0.7)

Balanced argumentation; acknowledges multiple perspectives; uses conditional state-

ments; minimal group identification; emphasizes uncertainty.

tional undertones while maintaining reasoned discourse.

Strong emotional language; pronounced group identification; dehumanization of oppo-

nents; hyperbolic terminology; portrays opposing views as threats.

Table 3: Message Generation Characteristics by Opinion Intensity

Component

Description and Format

Opinion Value

Numerical stance (-1 to 1) determining message position and intensity. Format: "You hold
a {strong/moderate/weak} {positive/negative} opinion (value: X) on this topic"

Topic Description

Core topic information and contextual framework. Format: "The topic is Universal Basic
Income, focusing on economic, social and ethical implications"

Personality Profile

Agent’s character traits and communication patterns. Format: "You are a {thoughtful/pas-
sionate/analytical } person who tends to {communication style}"

Interaction History

Recent interactions and response context. Format: "You recently {agreed/disagreed} with
user X about {topic aspect}"

Intensity Instructions

Guidelines for emotional expression and assertion strength based on opinion intensity
(see Table 3). Format: For |o;| > 0.7: "Express strong conviction and emotional invest-

Clear directional bias; in-group preference; moderate skepticism of opposing views; emo-

ment"

Table 4: Message Generation Prompting Components

1

(1) = T—s=ay (12)
with parameters 5 = 10 and § = 0.5 chosen to create an
appropriate transition steepness and midpoint for our opin-
ion space.
Finally, the model incorporates opinion strength through

an additional sigmoid function with the same parameters:

P(0i) = ¢(loil) (13)

This component, weighted by the opinion strength im-
portance parameter w, captures the observation that agents
with more extreme opinions (approaching £1) demon-
strate higher baseline interaction probabilities. The opinion
strength effect operates independently of the opinion differ-
ence, modulating the overall interaction probability based on
the intensity of an agent’s held beliefs.

As shown in Figure 3, the model generates an asym-
metric U-shaped probability curve reflecting typical social
media interaction patterns (Xu, Yu, and Song 2018; Shah-
baznezhad, Dolan, and Rashidirad 2021), with high prob-
abilities for strongly aligned content through pg, and se-
lective engagement with opposing viewpoints through pop,
and the cross-ideology factor c. The interaction probabil-
ity reaches its minimum for content that neither strongly
agrees nor disagrees with an agent’s opinion. Different re-
action types are modeled through varying parameters: likes
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typically have high base probability p;, but ¢ = 0 (sup-
porting only agreeable interactions), while reposts and com-
ments have progressively higher ¢ values to enable cross-
ideological discourse. This parameterization captures key
social media behaviors including confirmation bias effects,
targeted cross-ideological interactions, and increased en-
gagement from users with extreme opinions.

For both reposts and comments, the message genera-
tion process extends beyond simple interaction probabilities.
When an agent decides to engage through these higher-order
reactions, the system employs an extended version of the
message generation framework that incorporates contextual
awareness of the original content. This context-aware gener-
ation considers: The content and stance of the original mes-
sage as well as an instruction to directly address, agree, or
disagree with specific points or ideas from the original mes-
sage.

Social Network Model

The social network in our simulation is modeled as a di-
rected graph, representing the complex web of connections
between agents. This structure captures the asymmetric na-
ture of relationships in many social media platforms, where
users can follow others without reciprocation.

Network Structure We define the social network as a di-
rected graph G = (V, E), where V is the set of vertices
representing agents, and E is the set of edges representing
follow relationships. Formally:



G=(V,E) (14)
V= {Ay, Ay, ..., An} (15)
EC{(Ai, 4j) | Ai, Aj € Vi # j} (16)

where n is the total number of agents in the simulation.
An edge (A;, A;) € E indicates that agent A; follows agent
]The network’s initial state is generated using a probabilis-
tic model that considers both opinion alignment and agent
status (regular user or influencer). For any two agents A;
and A;, the probability of a connection forming is given by:

Pi lf Sij A 1](14])
P((AZ, AJ) S E) = { Ps if Sij A _|1](Aj) (17)
pa if 845

where p;, ps, and pg are the connection probabilities for
influencers, regular agents with the same opinion sign, and
agents with different opinion signs, respectively. The func-
tion sgn(o) determines the sign of an opinion value, effec-
tively grouping agents into pro (o > 0) and contra (o < 0)
stances. We use s;; = [sgn(o;) = sgn(o;)] as a shorthand
for opinion sign agreement between agents A; and A;, and
17 as an indicator function that equals 1 if agent A; is an in-
fluencer and 0 otherwise. This model implements homophily
by favoring connections between agents of similar opinions
(ps > pq), while also capturing the elevated probability of
following influential users within one’s own opinion group
(pi > ps > pa)-

Connection Dynamics The evolution of social connec-
tions between agents serves two distinct purposes in our
simulation framework. First, it shapes the information flow
within the network by influencing the content recommen-
dation process for each agent. Second, it provides essential
social cues to human study participants by displaying real-
istic follower and following relationships in agent profiles,
thereby enhancing the ecological validity of our experimen-
tal platform.

The network structure evolves through two independent
mechanisms: the formation of new connections (following)
and the dissolution of existing ones (unfollowing). For fol-
lowing, we leverage a variant of the reaction probability
function described in Section A. The key difference is that
while the general reaction function evaluates message opin-
ions using 7(A;, m), the follow mechanism directly uses the
opinion values of the agents themselves. Specifically, it cal-
culates the reaction probability using o; and o; as inputs,
without requiring the message evaluation function 7.

Unfollowing occurs independently, with each existing
connection having a fixed probability of dissolution at each
time step. This decoupled approach allows for natural fluctu-
ations in network density while maintaining realistic social
dynamics.

Unfollowing occurs independently, with each existing
connection having a fixed probability of dissolution at each
time step. This decoupled approach allows for natural fluctu-
ations in network density while maintaining realistic social
dynamics.
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Information Propagation

The propagation of information through our simulated social
network is governed by a recommendation system that de-
termines message visibility and user exposure patterns. This
system implements an agent-centric approach that considers
the network structure while maintaining controlled exposure
to diverse viewpoints.

At the core of our recommendation mechanism lies an
influence-based scoring system that evaluates message au-
thors based on their position within the social network. For
a given agent A;, we define their influence score 7 as:

_ [followers(A;)|

where [followers(A;)| represents the number of followers
of agent A;, and |V| is the total number of nodes in the social
graph. This normalization ensures that the influence score
remains bounded between 0 and 1.

The recommendation process for a target agent A; oper-
ates on the set of available messages M. To ensure fresh
content delivery and prevent redundant exposure, we first
construct the set of eligible messages M 4, by excluding all
messages that agent A; has previously interacted with and
their own messages:

My, ={meM:m A Nauth(m) # A;} (19)

Here, m ~ A; denotes that agent A; has interacted with
message m, and auth(m) denotes the agent who created
message m. The final set of recommended messages R 4,
for agent A; is then constructed by selecting messages au-
thored by the most influential agents:

R4, = topy{m € My, : ranked by n(auth(m))} (20)

where N is the desired number of recommendations and
top, selects the IV highest-scoring messages according to
their authors’ influence scores.

This streamlined recommendation system maintains ex-
perimental control while facilitating the study of network
effects on information propagation. By focusing solely on
agent influence metrics, we create a framework that empha-
sizes the role of network topology in information dissemi-
nation patterns.
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Algorithm 1: Social Network Simulation

Data: nagents, Niterationss Nrecs, p'rega pinf, tOpiC
A< InitializeAgentPopulation (nagents, topic);

G=(,€)« InitializeNetwork (A);
M
for t < 1 t0 Niterations do
M+ 0
for A; € Ado
Dpost <— IsInfluencer (A;) ? Ding : Pregs
if Random() < ppost then
m < CreateMessage (A;, t);
M +— MU {m},
UpdateAgentMemory (A;, m);
M — MU My;
for A; € Ado
Ra,; < RecommendMessages (Aij, M, G, Nyecs) ;
T4, < ModelInteractions (4; Ra;);
UpdateAgentMemory (A;, Ra,;, Za;);
G < UpdateNetwork (A4;, G);

Simulation Workflow

In our simulation model, the workflow, as outlined in Al-
gorithm 1, consists of initialization and iterative simulation
phases, each designed to capture specific aspects of social
media dynamics.

The initialization stage establishes the foundational ele-
ments of the simulation environment by creating a popula-
tion of agents with unique attributes as described in Sec-
tion A, and constructing the initial social network structure.
The network initialization process accounts for opinion dis-
tributions and influencer designations to create realistic so-
cial relationships between agents.

The core simulation operates through discrete time steps,
with each iteration representing a distinct period of social
media activity. During the content generation phase, the sim-
ulation iterates through all agents to determine if they will
create a post, following the probabilities and characteristics
outlined in Section A. Regular users and influencers have
different base probabilities of posting, with influencers be-
ing more likely to generate content.

After new content is generated, the simulation processes
each agent’s interactions with the social network. The rec-
ommendation system determines which messages are pre-
sented to each agent based on the previously described scor-
ing mechanisms. Agents then have opportunities to inter-
act with the recommended content through likes, comments,
and reposts, following the interaction model detailed in Sec-
tion A. Each interaction is recorded in both the message’s
interaction tracking and the agent’s memory, maintaining a
finite history of their social activities.

Throughout this process, the social network structure con-
tinues to evolve as agents form new connections and dis-
solve existing ones based on their interaction patterns. This
dynamic network structure influences future content recom-
mendations and interaction opportunities, creating a contin-
uous feedback loop that shapes the evolution of the social

474

network.

Hyperparameters The simulation was conducted using a
network of 30 agents (24 regular users, 3 influencers for each
stance) simulated over 10 iterations, with 8 message recom-
mendations per agent per iteration. Regular users were as-
signed a posting probability of 0.2, while influencers posted
with probability 0.6.

For the polarized condition, we implemented a bimodal
opinion distribution centered at £0.8 (¢ = 0.1), represent-
ing a divided community. The unpolarized condition used
a single normal distribution (centered at 0, ¢ = 0.1) to
model a more cohesive community. The reaction mechanism
employed distinct hyperparameters for different engagement
types: likes (p, = 0.7, ¢ = 0.0), reposts (p, = 0.3, c = 0.1),
and comments (p, = 0.3, ¢ = 0.5), with all types sharing
an opinion strength importance of w = 0.8. For the con-
nection dynamics, following used the reaction function with
parameters p, = 0.5, w = 0, and ¢ = 0, while unfollow-
ing occurred randomly with probability 0.05, allowing for
organic evolution of the network structure based primarily
on opinion similarity.

B User Study
Newsfeed Recommendations

The web application implements an adaptive recommenda-
tion system for content presentation that evolves with user
engagement. This system employs two distinct algorithmic
approaches: a default variant for initial users and a collabo-
rative variant that activates once users establish an interac-
tion history.

The default variant implements a popularity-based scor-
ing mechanism that considers multiple forms of engagement
to determine content visibility. For a given message m, the
system calculates a composite popularity score:

Sp(m) =l + 2¢p, + 27, 21

where l,,, ¢, and 7, represent the number of the
message’s likes, comments, and reposts respectively. The
weighted coefficients reflect the relative importance as-
signed to different forms of engagement, with more active
forms of interaction carrying greater weight.

As users begin to interact with the platform, the system
transitions to a collaborative variant that incorporates pop-
ularity metrics, ideological proximity, and a stochastic el-
ement to ensure recommendation diversity. The enhanced
scoring function combines these elements into a composite
score:

Sp(m) 2—

+w; - il

Oy —
SC(m) = wp ! | 2

where S, (m) represents the popularity score normalized
by the maximum observed score S;,qz, 0, and o, denote
the opinion scores of the active user (determined as the av-
erage of the opinion scores of the artificial users interacted
with) and the (artificial) message author respectively, € rep-
resents a uniform random variable in the interval [0, 1], and

4w, € (22)

Sma;c



wp, wj, and w, are weighting parameters that sum to unity
(wp + w; + w, = 1). In the current implementation, these
weights are set to w, = 0.6, w; = 0.2, and w, = 0.2, bal-
ancing the influence of popularity, ideological similarity, and
randomization.

Both variants maintain temporal relevance by presenting
the user’s most recent content contributions at the beginning
of their feed when accessing the first page. This approach
ensures users maintain awareness of their own contributions
while experiencing the broader content landscape through
the scoring-based recommendations.

This dual-variant approach enables the system to pro-
vide meaningful content recommendations even in the ab-
sence of user interaction data while transitioning smoothly
to more personalized recommendations as users engage with
the platform. The incorporation of popularity metrics, (mild)
ideological factors, and controlled randomization creates di-
verse recommendations that is designed to give the impres-
sion of a dynamic network environment, while still falling
under the conditional Recommendation Bias regime. The
stochastic element particularly aids in preventing recom-
mendation stagnation and ensures dynamic content delivery.

Preliminary Analysis

We evaluated the ecological validity of our experimental
platform. Participants rated various aspects on 7-point scales
(1 = Not at all, 7 = Extremely), with higher scores indicat-
ing more positive evaluations. The platform received favor-
able ratings across multiple dimensions, consistently scoring
above the scale midpoint of 4. Particularly noteworthy was
the interface usability (M = 5.52, SD = 1.15), which par-
ticipants rated as highly satisfactory. The platform’s similar-
ity to real social media platforms (M = 4.69, SD = 1.65)
and its ability to facilitate meaningful discussions (M =
4.59, SD = 1.41) were also rated positively. The overall
platform realism received satisfactory ratings (M = 4.47,
SD = 1.61), suggesting that participants found the exper-
imental environment sufficiently realistic and engaging for
the purposes of this study. The attitudes of participants to-
ward Universal Basic Income exhibited a slight decline from
the pre-interaction phase (M = 3.12, SD = 0.90) to the
post-interaction phase (M = 2.99, SD = 0.99). However,
these attitudes remained relatively close to the scale mid-
point, indicating that participants held moderate views on
the subject matter under discussion.

Furthermore, we examined the psychometric properties of
our key measures (see Table 6). Principal component anal-
yses were conducted for each scale, with items loading on
their intended factors. Most scales showed good reliability
(o ranging from .715 to .893) and satisfactory factor load-
ings (|.40]| or greater). The Perceived Group Salience scale
required modification from its original four-item structure.
Two items ("The debate focused on ideas rather than group
affiliations" and "Individual perspectives were more promi-
nent than group identities in the discussions') were dropped
due to poor factor loadings (.049 and .051 respectively). The
remaining two items showed modest to acceptable loadings
(—.585 and —.806), though below optimal thresholds. Given
the theoretical importance of group salience in our research
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design, we retained this measure for further analyses while
acknowledging its psychometric limitations.



Home

Newsfeed Who to follow

Profile

EmpathicWhirl
What's on your mind? E B
fr

@Empathicwhirl
User Overview

EmpathyJunkie

Logout @EmpathyJunkie

CuriousNoodle7

@CuriousNoodle?
CuriousNoodle7
The UBI debate has surfaced again, but let's be real—handing out $1500 a
month is economic insanity! This isn't generosity; it's a fast track to welfare
dependency. Why should hard-working citizens support a system that
incentivizes laziness? We must build a society of workers, not pampered
dependents!

SkepticalGlimpse
@SkepticalGlimpse

StoryScribe24
@StoryScribe24

EmpathyJunkie

| once watched a friend toss aside ambition in exchange for a fat UBI
check. Spoiler alert: it backfired! UBI isn't a safety net; it's a trap for the
lazy, enticing them to leech off the hardworking. Let's not abandon the
dignity of work for empty promises. We deserve better than this!

Figure 4: The screenshot depicts the simulated social media platform interface. The Newsfeed is displayed with a single post
and one comment, including reaction handles for liking, reposting, and commenting. The interface emulates common social
media design patterns, including a field for posting new messages, discovering new users, and inspecting the user profile.

Condition User Type Avg Followers Avg Followees Avg Posts Avg Likes Avg Comments  Avg Reposts
Overall 7.300 +£0.544  7.300 £ 0.544 2156 £ 0.042 8.067 + 1.441  5.467 +£0.432  2.900 + 0.082
Polarized Influencers  13.944 £0.906  7.611 £ 1.322 4944 +0.157 8.778 £1.235 12333 +£1.414 5278 +0.314
Regular 5.639 +£0453  7.2224+0.403 1.458+0.059 7.889+ 1.640 3.750 +£0.204  2.306 £ 0.129
Overall 8.056 £ 0.083 8.056 £0.083  2.067 £0.144 6.456 £ 0.274 1.600 £ 0.082 1.567 £ 0.047
Moderate  Influencers 17.389 £ 0.314 7.222 +£0.283 4.889 +0.614 7.833 +£1.569  4.056 +0.614  3.444 + 0.208
Regular 5.722 £ 0.171 8.264 £0.129  1.361 £0.221  6.111 £ 0.599 0.986 £+ 0.129 1.097 £ 0.109

Note: Values represent the mean and standard deviation (& SD) calculated from the final iteration values across the three recommenda-
tion conditions (pro, contra, balanced). These statistics reflect the cumulative state of the agent-based platform environment presented

to users at the start of their interaction phase.

Table 5: Agent Platform Statistics at Final Iteration (Mean + SD across Runs)
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Universal Basic Income (Pre) (o« = .893)

A universal basic income would benefit society as a whole .828
Providing everyone with a basic income would do more harm than good [R] 728
Universal basic income is a fair way to ensure everyone’s basic needs are met 701
Giving everyone a fixed monthly payment would reduce people’s motivation to work [R] 671
Universal basic income would lead to a more stable and secure society .867
People should earn their income through work rather than receiving it unconditionally from the government [R] .649
A universal basic income would give people more freedom to make choices about their lives 124

Universal Basic Income (Post) (o = .890)

A universal basic income would benefit society as a whole .847
Providing everyone with a basic income would do more harm than good [R] 769
Universal basic income is a fair way to ensure everyone’s basic needs are met 182
Giving everyone a fixed monthly payment would reduce people’s motivation to work [R] .610
Universal basic income would lead to a more stable and secure society 921
People should earn their income through work rather than receiving it unconditionally from the government [R] 522
A universal basic income would give people more freedom to make choices about their lives .698

Perceived Polarization (o = .776)

The discussions on the platform were highly polarized .674
Users on the platform expressed extreme views 155
Users appeared to be firmly entrenched in their positions .644
There were frequent hostile interactions between users with differing views .644

Perceived Emotionality (o = .842)

The discussions were highly charged with emotional content .864
Users frequently expressed strong feelings in their messages .691
The debate maintained a predominantly calm and neutral tone [R] .692
Participants typically communicated in an unemotional manner [R] 779

Perceived Group Salience (o = .639)

Messages frequently emphasized "us versus them" distinctions .585
Users often referred to their group membership when making arguments .806

Perceived Uncertainty (o« = .715)

The agents frequently acknowledged limitations in their knowledge 541
Users often expressed doubt about their own positions 72
Messages typically contained absolute statements without room for doubt [R] .566
The agents seemed very certain about their claims and positions [R] .671

Perceived Bias (o« = .830)

The discussion seemed to favor one particular viewpoint 782
Certain perspectives received more attention than others in the debate 738
The platform provided a balanced representation of different viewpoints [R] .821
Different perspectives were given equal consideration in the discussion [R] .646

Table 6: Factor loadings and scale reliability for key measures. Note: [R] indicates reverse-coded items. Factor loadings are
displayed for all items retained after cleaning (loading threshold |.40]).
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Distribution of Interaction Types by Condition
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Figure 5: Distribution of interaction types across experimental conditions. The stacked bars show the relative proportion of dif-
ferent interaction types (likes, reposts, comments, and follows) for each combination of polarization level and recommendation
bias. Total interaction counts are displayed above each bar.
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