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Abstract

Online social networks offer a valuable lens to analyze both
individual and collective phenomena. Researchers often use
simulators to explore controlled scenarios, and the integra-
tion of Large Language Models (LLMs) makes these simu-
lations more realistic by enabling agents to understand and
generate natural language content. In this work, we offer
an exploratory investigation of the behavior of LLM-based
agents in a simulated microblogging social network. We ini-
tialize agents with realistic profiles and opinions calibrated on
real-world online conversations from the 2022 Italian politi-
cal election and extend an existing simulator by introducing
mechanisms for opinion modeling. We examine how LLM
agents simulate online conversations, interact with others,
and evolve their opinions under different scenarios. Our re-
sults show that LLM agents generate coherent content, form
connections, and build a realistic social network structure.
However, their generated content displays less heterogene-
ity in tone and toxicity compared to real data. We also find
that LLM-based opinion dynamics evolve over time in ways
similar to traditional mathematical models. Varying param-
eter configurations produces no significant changes, indicat-
ing that simulations require more careful cognitive modeling
at initialization to replicate human behavior more faithfully.
Overall, we demonstrate the potential of LLMs for simulating
user behavior in social environments, while also identifying
key challenges in capturing heterogeneity and complex dy-
namics.

Introduction
Online social networks have evolved beyond mere commu-
nication platforms, becoming digital arenas where users ex-
press emotions, form opinions, and shape behaviors (Bak-
shy, Messing, and Adamic 2015). These environments pro-
vide unique opportunities to study complex collective phe-
nomena such as polarization, content diffusion, and large-
scale social dynamics (Vosoughi, Roy, and Aral 2018). The
widespread availability of digital traces, enabled by the per-
vasive use of online technologies, has fueled the rise of com-
putational social science (Lazer et al. 2009), which seeks to
explain human behavior and social processes through com-
putational methods.

*These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

A prominent approach in this field involves the use of sim-
ulation tools (Squazzoni, Jager, and Edmonds 2014). Sim-
ulations make it possible to create controlled virtual envi-
ronments where researchers can test hypotheses, compare
strategies, and observe the evolution of user behavior un-
der conditions that would be difficult—or ethically problem-
atic—to reproduce in the real world (Rossetti et al. 2024).
For example, one can investigate the spread of harmful con-
tent and rumors (Hu et al. 2025) or assess how different rec-
ommendation algorithms shape user activity (Törnberg et al.
2023), all without intervening directly on live platforms. De-
spite their promise, building realistic simulations of online
social networks remains challenging. Emergent behaviors
in these systems are driven by numerous individual-level
factors that are difficult to predict or formalize. Human in-
teractions involve ambiguity, context-dependence, and vari-
ability, which complicate the design of models capable of
capturing social complexity (Gao et al. 2023). Agent-Based
Modeling (ABM) has long been employed to address this
challenge. ABMs represent systems as collections of au-
tonomous agents, each following a set of predefined and
simplified behavioral rules (Macy and Willer 2002; Conte
and Paolucci 2014). While such models have yielded impor-
tant insights, they struggle to capture the richness of human
behavior, which is mediated by language, emotions, and so-
cial context (Törnberg et al. 2023).

In this context, Large Language Models (LLMs) represent
a promising extension of ABM. Unlike traditional agents,
which follow fixed and narrow rules, LLM-based agents
can generate nuanced, coherent, and context-aware behav-
iors (Park et al. 2024; Fontana, Pierri, and Aiello 2025).
Their capacity to simulate conversations, express emotions,
adopt perspectives, and deploy diverse interaction strategies
enables them to approximate human-like behavior with un-
precedented fidelity (Park et al. 2023; Corso, Pierri, and
Morales 2025). Moreover, LLM agents can be enriched with
persistent traits—such as personality, ideology, or memory
of past interactions—that allow them to act consistently
across time (Rossetti et al. 2024). This makes them particu-
larly powerful for reproducing both individual-level realism
and emergent collective phenomena (Park et al. 2023). Early
studies have demonstrated the potential of LLM-driven sim-
ulations, suggesting that these models offer a promising av-
enue for advancing the study of online behavior and war-
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rant systematic exploration (Gao et al. 2023; Törnberg et al.
2023; Rossetti et al. 2024).

This work builds on Y Social (Rossetti et al. 2024), a so-
cial media simulator that reproduces online platforms within
a controlled environment. In this simulator, LLM-powered
agents behave like users: they consume content, post, and
interact with one another. Using a data-driven approach that
leverages Y Social framework with real-world online con-
versations from the 2022 Italian election, we aim to address
the following research questions:
• RQ1: How realistically do LLM-based agents reproduce

in-/out-group dynamics among supporters of different
political parties?

• RQ2: How do opinion dynamics generated by LLM
agents differ from those predicted by traditional math-
ematical models?

To this end, our contribution extends Y in two key directions.
First, we seed agents with activity patterns and political lean-
ing drawn from a dataset of real-world Twitter conversations
collected around the 2022 Italian elections (Pierri, Liu, and
Ceri 2023), enhancing the realism of their behavior and en-
abling systematic comparison with an empirically grounded
scenario. Second, we equip agents with opinions on specific
political topics and observe the dynamics of opinion change
over time through interactions. We conduct a series of ex-
periments varying key parameters such as the LLM power-
ing agents, the network structure, and the recommendation
system. We then compare simulated opinion dynamics out-
comes against real-world data to assess both the validity and
the limitations of LLM-based social simulations. By doing
so, this study both explores the potential of LLMs as social
agents and identifies the challenges that must be addressed
to use them as reliable tools for modeling social behavior.

Related Work
Simulating social networks
Social simulations have been widely used to study group
behavior and the nonlinear effects of individual interac-
tions (Squazzoni, Jager, and Edmonds 2014). Agent-Based
Modeling (ABM) focuses on local agent dynamics and
demonstrates how simple interactions can reproduce com-
plex social phenomena (Macy and Willer 2002). ABMs also
allow the linking of micro- and macro-level phenomena,
highlighting causal relationships between individual behav-
ior and network structure (Squazzoni, Jager, and Edmonds
2014). A key limitation of traditional ABMs is the simplicity
of agent behavior rules (Conte and Paolucci 2014) and their
limited capacity for realistic social interaction (Törnberg
et al. 2023). Recent advances in AI and Large Language
Models (LLMs) offer a way to overcome these constraints,
enabling agents to engage in realistic conversations and ex-
hibit human-like behaviors (Park et al. 2023). Several recent
studies have explored the use of LLM agents in simulated
social network environments. Below, we discuss three rep-
resentative simulators.

Törnberg et al. (2023) simulated three social media plat-
forms, each with a distinct content recommendation algo-

rithm, to assess how news feed personalization affects con-
versation quality and cross-party interactions. Agents, pow-
ered by LLMs, were initialized with demographic charac-
teristics, political leanings, interests, and attitudes from the
2020 American National Election Study (ANES). The first
platform promoted popular posts from followed users, while
the second suggested globally popular posts; both reduced
cross-party interactions and increased toxicity. In contrast,
a third “bridging” algorithm recommended posts popular
among users with opposing views, resulting in more con-
structive, less toxic, and more inter-partisan interactions.
This work underscores the significant influence of recom-
mender systems on online discourse quality.

Gao et al. (2023) proposed the S3 system, in which LLM
agents maintain a memory pool of their most relevant posts.
This allows agents to preserve cognitive coherence and re-
alism over time, with decisions influenced by past actions
rather than treated independently, mimicking real-world user
behavior. S3 was evaluated on real-world social network
data at both individual and population levels. At the individ-
ual level, the study examined emotions, attitudes, and con-
tent generation; at the population level, it assessed informa-
tion propagation and the spread of emotions and attitudes.
Results indicate that the system accurately replicates com-
plex dynamics observed in real networks, demonstrating that
memory-equipped LLM agents can provide realistic insights
at both micro- and macro-levels.

Rossetti et al. (2024) introduced Y, a social media digi-
tal twin, a system designed to digitally replicate a real-world
system to allow analysis, simulation, and experimentation in
a controlled environment. The users of these simulations are
LLM agents, and they can perform all the common actions
available on the most popular social media, including post-
ing, commenting, replying, reacting, and following other
users. Other modules also allow the integration of images.
User profiles are enriched with attributes including their in-
terests, political leaning, demographic data, and personality,
which is defined according to the Big Five model (Barrick
and Mount 1991; McCrae and John 1992). To make the sim-
ulations even more realistic, Y also includes the possibility
of adding external input to the simulation. Specifically, users
can share news gathered from selected websites, provided
through RSS (Really Simple Syndication) feeds. Moreover,
Y includes the implementation of various recommender and
ranking algorithms to promote specific content or users. This
enables further study of the impact the algorithmic curation
has on online conversations and users’ behavior. This ex-
pands the approach of Törnberg et al. (2023)by offering a
more flexible and realistic simulation framework.

Opinion Dynamics
Modeling opinion dynamics (i.e., how individuals update
their views through interaction) has traditionally relied on
mathematical abstractions. A classic example is the DeG-
root model (DeGroot 1974a), where each opinion is updated
as a weighted average of neighbors’ opinions. While captur-
ing social influence, this model assumes full susceptibility
and ignores resistance to change.

The Friedkin–Johnsen model (Friedkin and Johnsen
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1990) addresses this by introducing a susceptibility param-
eter, allowing agents to retain part of their initial opinion.
More recent extensions incorporate state-dependent updat-
ing, where adjustments depend on current beliefs rather than
the initial stance (Ye, Liu, and Anderson 2018; Liu et al.
2018).

While mathematical models provide valuable abstrac-
tions, they reduce opinions to numerical values and over-
look elements such as language, tone, and personality. Re-
cent studies address this by employing LLMs as agents,
which can impersonate profiles, engage in realistic interac-
tions, and express beliefs in natural language. For exam-
ple, Cau et al. (2025) simulated paired discussions on the
Ship of Theseus paradox, a topic without factual resolution.
Agents held discrete opinions (0–6) and updated them step-
wise if persuaded. Results showed that LLMs often aligned
with partners’ views, but the setup underutilized LLM ca-
pabilities, as agents lacked richer personalization, such as
demographics or personality traits.

Gao et al. (2023) modeled attitude evolution as a Markov
process on a binary spectrum, where LLM agents initialized
with predefined profiles update their belief states by eval-
uating incoming messages. Similarly, Chuang et al. (2024)
studied dyadic interactions, mapping textual replies to nu-
merical scores through a classifier. Their findings show that
while LLMs tend to converge toward accurate information,
replicating human behavior requires introducing confirma-
tion bias, as real users often reinforce prior beliefs.

Liu et al. (2024) simulated social media with LLM agents
modeled as detailed personas with memory modules, ex-
pressing opinions in tweets and updating them after ran-
dom exposures. While capturing dynamic content, the setup
lacked a realistic social graph, as propagation ignored net-
work structure and recommendation effects. Building on
this, Piao et al. (2025) showed that LLMs can mirror hu-
man patterns: converging on fact-based topics (e.g., flat
Earth) while polarizing on political issues. Their framework
mapped agents’ self-rated political leanings to numerical
scores, aligning language with opinion measures.

Experimental Design
To conduct our simulations, we employed Y (Rossetti et al.
2024), a social media twin framework designed to repli-
cate user interactions and dynamics on platforms structured
similarly to X (formerly Twitter). We selected this frame-
work due to its modular architecture and its realistic tem-
poral activity model, which has been fitted on Bluesky So-
cial data, as well as the native support for different con-
figurable recommender algorithms, new user generation,
and LLM-powered agents (Rossetti et al. 2024; Failla and
Rossetti 2024). In our simulations, each agent was sim-
ulated by an LLM. Specifically, we employed Ollama to
run uncensored versions of Llama2 (70B parameters1) and
Llama3.2 (3B parameters2), which enabled discussions of
controversial topics without triggering safety-filter refusals.
All experiments were conducted with a temperature setting

1https://ollama.com/library/llama2-uncensored:70b
2https://ollama.com/artifish/llama3.2-uncensored:latest

of 0.9, chosen to encourage response diversity while mini-
mizing hallucinations and nonsensical outputs. The prompt
used contained the most relevant information needed by the
agents to contextually make reasonable choices:
• Demographics. Agents are assigned the following at-

tributes: age (integer, sampled from weighted 2024
X statistics, range 18–60), gender (categorical; bi-
nary variable, sampled with probabilities proportional
to the gender distribution observed on the real platform
based on Statista (Statista Research Department 2024)),
and nationality (fixed to Italian to match the case
study). These attributes are used as input features to the
prompts and affect probabilities for actions such as post-
ing, commenting, or following, but also unfollowing and,
more in general, all the possible interactions that the
agents can perform, together with the internal opinion-
updating mechanism. We leave more details in Appendix
.

• Political leaning & coalition principles. Each agent
receives a coalition label (i.e., Right, Centre-Left,
Third Pole, M5S) sampled from the source dataset and
inferred based on the retweeting behaviour with respect
to representatives of different parties (Pierri, Liu, and
Ceri 2023). For each coalition, we store a short, standard-
ized principles string summarizing its typical pol-
icy priorities and rhetorical framing (used as contextual
prompt material for the LLM). Political leaning is repre-
sented categorically (coalition), whereas topic opin-
ions are represented on a continuous range to seed initial
opinion values. Additional information on the coalitions
can be found in Appendix .

• Current opinions. For every topic, agents maintain a
stance score (numeric) and a justification
(short text). The numeric score is mapped to the inter-
val [−1,+1] (for example: strongly oppose ∼ −1, neu-
tral = 0, strongly support ∼ +1). The justifica-
tion is a brief textual rationale, describing why the
agent holds that position; it is both an output of the
opinion-update process and a contextual input to sub-
sequent LLM-generated utterances, ensuring consistency
between numeric and linguistic representations.

• Topic descriptions. Each topic has a canonical de-
scription and explicit definitions of what constitutes
supportive vs opposed stances. These are used to
(i) disambiguate labels for the LLM prompts and (ii) map
textual judgments to numeric scores.

To make our agents more realistic, some attributes
have been initialized based on the ITA-ELECTION-22
dataset (Pierri, Liu, and Ceri 2023), a collection of Twit-
ter posts in the Italian language around the Italian political
election in 2022. Specifically, the attributes initialized from
the dataset in this work are: the political leaning, the aver-
age toxicity of posts and comments posted on the platform
(estimated using Detoxify), and the activity level, for each
user. The activity is computed by converting the number of
tweets posted by each user into a continuous value in the
range [0, 1], with a logarithmic normalization to reduce the
impact of outliers. The formula used is the following:
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activityx = min

(
log(1 + n postsx)

log(1 +N99.5)
, 1.0

)
where n postsx is the number of posts written by user x,

and N99.5 is the 99.5th percentile.

Network of interactions and simulation steps We adopt
two network initialization strategies.
• Empty Network: the social network is empty: there are

no connections between the nodes.
• Fully connected Network: every node (user) in the so-

cial network is connected to every other node.
These two initialization strategies represent the two extreme
regimes of social connectivity: the Empty Network captures
a scenario with no social influence, where users’ behavior is
driven solely by individual cognition and content exposure,
while the Fully Connected Network represents the maximal
influence regime, where every user can directly observe and
react to every other user. Together, these extremes represent
the upper and lower bound the spectrum of possible inter-
action structures, allowing us to isolate the effect of social
connectivity itself on emergent dynamics. The agents create
the network connections over time via the follow inter-
action, allowing the network structure to emerge dynami-
cally as the simulation progresses. In the extended frame-
work, the opinion update is directly performed by LLMs.
The evolving network structure was then used to compute
the mathematical equivalent of agents’ stances through the
Friedkin–Johnsen (FJ) model, which we executed in parallel
to our simulation, in order to compare the results of these
two approaches. We chose to rely on the FJ model as our
baseline since it is widely used in Agent-based modeling
literature (Sun and Zhang 2023; Disarò and Valcher 2024)
and, even in its original version, is easily comparable to our
LLM-based setup.

At the beginning of the simulation, a population of agents
is initially generated. At this stage, the agents may already
be connected with each other, depending on the network
initialization strategy. However, throughout the simulation,
agents have the possibility to create new links or remove
the existing ones, evaluating the interactions they had with
other users. In this way, the network structure dynamically
evolves over time according to the agents’ behavior and in-
teractions. In Procedure 1, we then describe each step of a
day in the simulation.

Each simulated day is composed of a set of rounds, corre-
sponding to virtual hours. In each round, a number of active
agents is sampled, according to the hourly activity config-
ured. Agents can then perform an action: publish content,
react, follow or unfollow other users, and eventually reply to
previously received mentions. The specific behavior of each
agent depends on its profile, its personality and the content
it’s interacting with.

At the end of the day, active agents are asked to update
their opinion on the topics they discussed. This phase is crit-
ical to study the opinion dynamics: it makes it possible to
observe how social interactions and the received content im-
pact the evolution of individual views. We normalized all

numeric attributes (facilitating their use in probabilistic deci-
sion functions), and we stored textual fields (principles, jus-
tifications, topic descriptions) as compact prompt templates
to ensure consistent LLM conditioning. The behavioral De-
cision(profile, content) function combines nu-
meric traits, coalition priors, and content-topic alignment to
produce an action probability distribution.

Topics of discussion The discussions between agents fo-
cused on four major topics of debate that characterized the
Italian 2022 election, selected for their political salience and
the presence of a range of stances for each of these issues.
These topics were selected because they represent politically
relevant issues in the Italian context of 2022, on which the
main coalitions held different positions. This allows the sim-
ulation to generate meaningful political discussions and po-
tential conflicts among agents. Furthermore, since these is-
sues are characterized by many different stances, the simula-
tions do not necessarily lead to consensus (Cau et al. 2025).
• Civil rights: covering gender equality, LGBTQIA+

rights, and family structure.
• Immigration: centered on border control, bilateral

agreements, and the management of irregular migration.
• Nuclear energy: debating whether nuclear power should

be included in the national energy mix.
• Reddito di cittadinanza (Citizens’ Income): a state

subsidy for individuals living in poverty, functioning as a
conditional and non-individual guaranteed minimum in-
come3, designed to ensure a minimum standard of living
and to promote employment integration. Debates around
this policy revolved around three main stances: approval,
reform, and abolishment.

Posts were presented to users through Y’s recommender
system option. In particular, we tested two configurations:

• ReverseChronoFollowersPopularity: the default set-
ting (henceforth Default), where recent posts from fol-
lowed users are shown, ranked by popularity, with some
exposure to external users.

• ContentRecSys: a random baseline (henceforth Ran-
dom), where posts are sampled randomly from all plat-
form content.

The recommender systems relies on the evolving network
structure to distribute content among users, as the network
evolved under the two extreme conditions we used as ini-
tialization strategies.

Finally, for each combination of parameters (model, net-
work initialization strategy, and recommender system), sim-
ulations were run for 21 virtual days with 100 agents, and
each condition was repeated 10 times to ensure statistical
robustness.

Opinion modelling In addition to the simulation-driven
opinion evolution, we are considering a well-grounded in lit-
erature approach: the Friedkin–Johnsen model (Friedkin and

3https://www.forbes.com/sites/annalisagirardi/2019/04/01/the-
italian-citizens-income-reform-definition-and-adjustments/
#3d3102b249db
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Figure 1: Percentages of users per political coalition in the
real-world data and agents in the simulations. For the simu-
lations, each bar represents the mean value across simulation
runs with confidence 0.95.

Johnsen 1990) is a foundational framework in opinion dy-
namics that extends the classical DeGroot (DeGroot 1974b)
model by incorporating the concept of individual resistance
to change. In this model, each agent updates their opinion
as a weighted combination of their neighbors’ views and
their own initial belief, with a susceptibility parameter deter-
mining the balance between external influence and internal
stubbornness. We choose the Friedkin–Johnsen model be-
cause it generalizes the DeGroot framework while relaxing
some of its restrictive assumptions, allowing opinions to sta-
bilize without necessarily converging top consensus. More-
over, unlike bounded-confidence models such as Hegsel-
mann–Krause (Hegselmann and Krause 2002), it does not
impose explicit clustering, making it well suited for scenar-
ios where influence is continuous and heterogeneous rather
than strictly segmented.

Coalition distribution in the population At initializa-
tion, users were assigned political leanings by sampling
from real-world data, reproducing the coalition distribution
observed in the source dataset. As shown in Figure 1, the
population is imbalanced: the Right coalition dominates,
Centre-Left and Third Pole are of comparable size, and
M5S (Movimento 5 Stelle) is smaller with low variability
across simulations. More information about the Italian po-
litical coalitions can be found in Appendix .

Toxicity analysis Content toxicity was assessed using the
Detoxify library (Hanu 2020), which provides a continuous
score between 0 and 1. We analyzed toxicity in our simu-
lations both in relation to interactions with in-group versus
out-group users.

In-group and out-group interactions between
agents
We begin by examining patterns of inter-group interactions
among agents, divided into in-group and out-group interac-

tions; specifically, the frequency with which agents engage
with others affiliated with the same political coalition versus
those aligned with opposing coalitions. To assess the simi-
larity between simulated and real-world behavior, we aggre-
gate interactions from 10 independent runs for each parame-
ter configuration (model, network initialization, and recom-
mender system) into a single dataset. We then compute the
proportion of in-group and out-group interactions for each
coalition, applying the same procedure to the empirical in-
teraction data used to initialize the simulations. In particular,
we focus on replies. Finally, we evaluate correspondence by
calculating Pearson correlations: four values capturing in-
group alignment (one per coalition) and twelve values cap-
turing out-group interactions (three per coalition). For in-
group interactions, we compute the correlations between the
diagonals of the simulated and empirical interaction matri-
ces. These values capture the degree to which the simulated
model reproduces the proportion of interactions occurring
among users supporting the same political coalition.

For out-group interactions, we instead focus on the off-
diagonal elements of the interaction matrices, which repre-
sent interactions between users of different political lean-
ings. In this case, the correlations quantify how well the sim-
ulated percentages of cross-coalition interactions align with
those observed in real data.

Figure 2 reports the distribution of correlations between
simulated and real in-group interaction frequencies, disag-
gregated by model type and network initialization. Focus-
ing first on the smaller model (top row), we observe that
the recommender system exerts the strongest influence. In
particular, the Default system substantially improves align-
ment with the real data, raising the median correlation to
0.85, an increase of almost 30 percentage points over the
Random system (median = 0.6). While some runs with the
Random system achieve similar levels of accuracy, its out-
comes are far less stable, with correlations falling as low
as –0.28 when simulations begin from an empty network.
This gap narrows under the fully connected initialization,
where the two recommenders yield similar median correla-
tions; however, variance remains consistently higher in the
Random condition, except for Llama2-70B in the Default
system that exhibits outliers with negative correlation. Over-
all, however, the simulations tend to reproduce fairly well
the extent to which users interact homophilously, at least on
average. To illustrate the analysis in more detail, Figure 3
presents a case study of a single experimental configura-
tion (Llama3.2-3B, empty initialization, Random recom-
mender). Here, we compare the distribution of simulated in-
group interactions for each coalition against the correspond-
ing empirical proportions. The summary results in Figure 2
are then derived by computing, for each run, the Pearson cor-
relation between the four coalition-level values produced by
the simulation and those observed in the real-world dataset.

Figure 4 reports, for each configuration of model and net-
work initialization, the distribution of correlations between
simulated and real out-group interactions. Compared to in-
group interactions, the degree of fidelity is noticeably lower:
median correlations rarely exceed 0.6, indicating that cross-
coalition dynamics are more difficult to replicate.
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Figure 2: Distribution of the Pearson correlations of in-
group interactions between the simulation and the real data,
divided by model and network initialization strategy. Each
dot is a simulation. Overall, approximately 91% of the cor-
relations are not significant (p > 0.05). Similar results are
obtained using Spearman ρ.
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Figure 3: Example of comparison between simulated (10
runs across 1 configuration) and real data. On the left, the
distribution of in-group interactions percentages for each
coalition (using Llama3.2-3B, empty initial network, and
random recommender system). On the right, the percentages
of in-group interactions for each coalition in the real-world
dataset.

Differences across models, initialization strategies, and rec-
ommender systems are relatively small, with no configu-
ration standing out as consistently superior. Nevertheless,
some individual runs yield extreme values, with correlations
ranging from strongly negative to as high as 0.8, underscor-
ing the presence of outliers and the instability of certain se-
tups.

Overall, these results suggest that while homophilous in-
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Figure 4: Distribution of the Pearson correlations of out-
group interactions between the simulation and the real data,
divided by model and network initialization strategy. Each
dot is a simulation. Overall, approximately 66% of the cor-
relations are not significant (p > 0.05). Similar results are
obtained using Spearman ρ.

teractions tend to be faithfully reproduced, capturing out-
group dynamics remains more challenging, with only mod-
erate similarity to real-world data and substantial variability
across simulation runs.

To clarify how out-group interaction patterns are com-
pared between simulations and real data, we briefly out-
line the procedure here and provide a concrete exam-
ple in Appendix (Figure 10). For a fixed configuration
(Llama3.2-3B, empty initial network, Random recom-
mender), we construct an inter-coalition interaction matrix
from the simulations and an analogous matrix from the em-
pirical dataset, both normalized to represent the proportion
of interactions flowing from each coalition to every other
coalition. For each simulation run, we extract the twelve
off-diagonal entries of the simulated matrix, corresponding
to out-group interactions, and directly compare them with
the matching twelve empirical values. This produces a sin-
gle correlation score per run, quantifying how closely the
simulated interaction structure aligns with the observed one.
The summary correlations obtained through this procedure,
aggregated across runs and configurations, are reported in
Figure 4.

Overall, these experiments highlight the nuanced roles
of recommender systems, models, and network initializa-
tion strategies in shaping the fidelity of simulations. Inter-
estingly, altering these parameters does not produce large
shifts in overall similarity. In-group interactions remain con-
sistently the most faithfully reproduced, with high median
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correlations across configurations. By contrast, out-group
interactions are considerably harder to replicate, with me-
dian scores ranging only from 0.17 to 0.4.

In- and out-group toxic behaviour
We now explore the toxicity of the comments in the sim-
ulations. Our goal is to evaluate whether the simulated en-
vironments produce similar patterns of hostile communica-
tion observed in the real-world data. To this end, we measure
toxicity by computing the toxicity score of all replies and ex-
tracting the 95th percentile for each parameter configuration.
We then distinguish between toxicity directed at members of
the same coalition (in-group toxicity) and toxicity directed
at members of other coalitions (out-group toxicity).

To assess how faithfully the simulations capture these pat-
terns, we adopt the same strategy used in the interaction
analyses: we correlate the simulated toxicity values with
those observed in the empirical dataset used to initialize the
runs. Figure 5 reports the resulting correlations for in-group
toxicity, divided by recommender system and network ini-
tialization strategy.

Across most configurations, we observe high variability in
the simulations. The only clear exception is Llama2-70B
with a fully connected initialization, which yields a compact
distribution of correlations with relatively high values under
both recommendation strategies. In other settings, the most
stable configuration is the combination of the Default rec-
ommender with an empty starting network, which achieves
the highest median correlation overall.

Turning to out-group toxicity (Figure 6), we find less vari-
ability across runs and also a similar trend with respect to
network initialization compared to in-group analysis. With
an empty network initialization, the Default algorithm pro-
duces high correlations with the real data, whereas under
the fully connected initialization it performs worse. The
choice of model appears to have little influence on the out-
come, as median correlation values remain largely compara-
ble across the two uncensored models. Taken together, these
findings suggest that simulations struggle to replicate pat-
terns of toxic behavior among online users, despite being
based on uncensored models. As in the case of interaction
analyses, illustrative examples of preliminary investigations
are presented in Figure 7 and in the Appendix (Figure 11).
We see that, while the real distribution of in-group toxic-
ity is evenly present across all political coalitions, the mod-
els fail to reproduce this phenomenon, with the most sig-
nificant cases being M5S coalition and Center-Left. Simi-
larly, the same pattern emerges for overall out-group toxi-
city, where some trends are correctly replicated, while oth-
ers (e.g., Third Pole vs. M5S) are greatly over estimated or
under estimated (the visual presentation of this is visible in
Appendix , Figure 11).

Opinion dynamics
We now examine how opinions evolve over time within the
simulations, an important dimension for assessing whether
LLM-based agents can approximate established models of
opinion dynamics. In particular, we compare opinion trajec-
tories across topics and coalitions against the predictions of
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Figure 5: Distribution of the Pearson correlations of in-
group toxicity between the simulation and the real data, di-
vided by model and network initialization strategy. Each dot
is a simulation. Overall, approximately 98% of the correla-
tions are not significant (p > 0.05). Similar results are ob-
tained using Spearman ρ.

the classical Friedkin–Johnsen (FJ) model, a widely used
benchmark for modeling opinion change. Figure 8 illus-
trates this comparison for a single setup, contrasting opinion
scores assigned by LLMs (left column) with those generated
by the FJ model (right column). Overall, both approaches
display broadly coherent trends: opinions evolve with com-
parable trajectories and frequently converge toward similar
mean values across coalitions.

The most salient difference lies in the pace and smooth-
ness of change. For example, in the case of Nuclear En-
ergy, both the Third Pole and the Right coalitions con-
verge toward neutrality, yet the FJ model shows a gradual
adjustment whereas the LLM-based simulation produces a
sharper shift, suggesting a limitation in capturing incremen-
tal opinion change. A similar pattern emerges in Reddito
di Cittadinanza, where Right and M5S converge to-
ward neutral positions with noticeably different slopes. In
this case, the FJ model also captures a “neutralization” ef-
fect for the Centre-Left and Third Pole, which the LLM-
based approach fails to reproduce. A likely explanation is
the difficulty LLMs face in handling fine-grained scoring:
their outputs often resemble step functions rather than con-
tinuous curves.

The largest divergence appears in the case of Civil
Rights. In the LLM-based simulation, the Third Pole
shifts toward full approval, while all other coalitions remain
static. By contrast, the FJ model predicts gradual changes for
multiple groups: Centre-Left, M5S, and especially the Right
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Figure 6: Distribution of the Pearson correlations of out-
group toxicity between the simulation and the real data, di-
vided by model and network initialization strategy. Each dot
is a simulation. Overall, approximately 97% of the correla-
tions are not significant (p > 0.05). Similar results are ob-
tained using Spearman ρ.
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Figure 7: Example of comparison between simulated (10
runs across 1 configuration) and real data. On the left, the
distribution of in-group toxicity percentages for each coali-
tion (using Llama3.2-3B, empty initial network, and ran-
dom recommender system). On the right, the percentages of
in-group toxicity for each coalition in the real-world dataset.

all move toward neutrality, each along distinct trajectories.
Taken together, these findings suggest that LLM-based

simulations can reproduce opinion change at the population
level, as their aggregate behavior is often comparable to that
of established models. However, they display lower sensitiv-
ity and a tendency toward abrupt adjustments rather than in-
cremental change. Notably, coalitions that start from identi-
cal positions exhibit perfectly overlapping trends, indicating
that initial opinions dominate the dynamics more strongly in
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Figure 8: Example of evolution of opinion for each topic,
comparing LLM-assigned score (LLM Score, left column)
and the one assigned by the traditional Friedkin–Johnsen
model (FJ Model Score, right column). Each line represents
the median opinion on each day for users belonging to a
certain coalition, along with a 95% confidence interval. The
data is aggregated over all simulation runs of a single experi-
mental setup (Llama3.2-3B, empty network, and random
recommender system, in this case). Additional examples are
provided in the Appendix.

the LLM-based setting.
Finally, Figure 9 reports the relative opinion shifts for the

Civil Rights topic across coalitions. Here again, the
LLM-based simulations track the broad tendencies of the
FJ model, but they fail to capture all nuances. In particular,
the FJ model predicts a substantial shift by the Right coali-
tion, which is not reproduced by the LLMs. This discrepancy
highlights the current limitations of LLMs in capturing the
subtle and heterogeneous dynamics of opinion change.

As shown in Appendix , these dynamics are consistent
across topics: opinions progressively converge toward neu-
tral values, reflecting a decline in polarization over time.
Whether this trend persists or stabilizes with longer simu-
lations remains an open question. Importantly, the same pat-
tern is observed across models, network structures, and rec-
ommender systems, underscoring the robustness of the re-
sult.
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Figure 9: Example of opinion shifts for each coalition for
different configurations of model, network initialization,
and recommender system. For each configuration, the cor-
responding simulation using the Friedkin–Johnsen mathe-
matical model is reported (dashed lines). Initial opinions
are highlighted for each party and for each topic. 2.0
means Strongly Supportive, whereas −2.0 means
Strongly Opposed. Additional plots for topics differ-
ent from Civil Rights are provided in the Appendix.

Discussion and Conclusion
LLMs have emerged as a promising tool for simulating
agents in virtual environments. The main goal of this work
was to provide an exploratory analysis of the behavior of
LLM-based agents in the context of online social media plat-
forms. To this end, we extended the Y simulator by inte-
grating mechanisms for opinion evolution and introducing a
realistic user initialization procedure grounded in empirical
data from the 2022 Italian political context. This framework
enabled us to systematically test how different generative
models, network initialization strategies, and recommender
systems affect the fidelity of the simulations when compared
with real-world observations.

To explore the behavior of simulated agents from mul-
tiple perspectives, we conducted analyses at three levels:
interaction patterns, opinion dynamics, and the toxicity of
generated content. Overall, our findings indicate that LLMs
represent a promising approach for simulating user behavior
online. Agents successfully interacted, formed connections,
and produced content with varying levels of toxicity, though
their communication style was systematically biased toward
neutrality.

At the same time, several limitations should be acknowl-
edged. The 21 simulated days were sufficient for a network
structure to begin forming, but too short to capture longer-
term or emergent dynamics. For instance, actions such as
unfollow were almost absent, and the full effects of recom-
mendation algorithms may not have materialized given the
relatively unstructured networks in the early phases of sim-

ulation. Future work should address this by implementing
more faithful initialization techniques, such as Stochastic
Block Models, to generate networks with a realistic density
and predefined community structure. This will enable a more
robust and nuanced study of emergent dynamics within es-
tablished social environments. With respect to opinion evo-
lution, LLM-assigned scores were broadly consistent with
those produced by traditional models, both showing a ten-
dency to converge toward neutral positions. However, the
relatively short duration leaves open whether these trends
would stabilize, polarize, or diverge over longer time hori-
zons. Our choice of simulation length was ultimately con-
strained by available computational resources.

Although simulated interaction and toxicity patterns were
not significantly correlated with empirical data, this result
should be interpreted in light of the exploratory and short-
horizon nature of the simulations rather than as a failure
of the modeling approach. The lack of significant correla-
tions is in contrast with previous findings, particularly Gao
et al. (2023), showing that it is crucial for both traditional
opinion dynamics models and LLM-based agents to have
longer time horizons and more structured networks to pro-
duce stable, macro-level alignment with empirical observa-
tions. From this perspective, our results suggest that current
LLM-based simulations can be considered still in their early
stage of development and far from being suited for direct
quantitative prediction of real-world interaction patterns.

Nevertheless, despite the limited temporal scope of our
simulations, our results are consistent with those reported
by Chuang et al. (2024) with respect to opinion evolution.
In particular, agents exhibit a clear tendency to converge to-
ward neutral positions. This behavior aligns with previous
findings showing that, in the absence of explicitly modeled
cognitive biases, opinion dynamics tend to stabilize rather
than polarize.

Future developments should focus on enriching agent per-
sonalization and studying the robustness of these systems.
Incorporating elements such as emotional reasoning, sus-
ceptibility to influence, or varying levels of trust in con-
sumed information could enable more realistic opinion and
interaction dynamics. We also relied on a fixed prompt struc-
ture. Considering the critical role that prompt sensitivity
plays in LLM–based experiments, future work should per-
form ablation studies to assess how sensitive agent behavior
is to variations in prompt phrasing. Another important ex-
tension is the inclusion of external shocks—such as social
crises (Di Giovanni et al. 2022), scandals, or major public
statements—to evaluate how agents respond to events that
typically shape online discourse. It could also be of inter-
est to see the impact of simulated harmful content, such
as conspiracy theories (Corso et al. 2025), misinformation,
disinformation (Nogara et al. 2026), or political advertise-
ment (Pierri 2023). More systematic comparisons with em-
pirical data are also necessary to better evaluate the realism
of emergent behaviors. Finally, expanding beyond the Ital-
ian political context would allow us to assess the general-
izability of the approach and test whether the observed dy-
namics hold across different sociopolitical settings. In con-
clusion, integrating LLMs as agents in social simulations
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represents an important step toward more realistic model-
ing of online environments, particularly with respect to lan-
guage, interactions, and content generation. However, repli-
cating more heterogeneous phenomena, such as the spread
of misinformation, will require further advances in behav-
ioral modeling. Our study contributes to the growing explo-
ration of LLM-driven simulations, providing a foundation
for investigating complex social dynamics under controlled
conditions.

Ethical Statement
The deployment of Large Language Models as AI social
agents raises numerous ethical considerations that are cur-
rently the subject of intense scrutiny by the interdisciplinary
research community. The extraordinary capabilities of these
models to generate text have led several scientists to envi-
sion alarming scenarios in which the seamless integration
of AI agents into the online social discourse may facilitate
the dissemination of harmful content, the spread of misin-
formation, and the propagation of ‘semantic garbage’, ulti-
mately damaging our societies (Floridi and Chiriatti 2020;
Weidinger et al. 2022b; Hendrycks, Mazeika, and Woodside
2023a). As a result, any research exploring the characteris-
tics of LLMs as social agents could, directly or indirectly,
contribute knowledge that might be exploited to implement
and deploy LLM-based technologies for malicious purposes.
While recognizing this risk, we also believe that conducting
research on LLM-based agents is essential to assess poten-
tial risks and to guide efforts aimed at developing strategies
to mitigate them. Our study contributes positively to deepen
our understanding of how LLMs react to social stimuli.

Even when deploying LLM-based agents for ethical pur-
poses, trade-offs between the obtained benefit and the high
level of power consumption required to run them should be
carefully considered (Bender et al. 2021).
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(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
Yes, we report 95% confidence intervals.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, we use models hosted
on a Cineca server and run on Ollama. We provide the
cluster’s specifications.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes, speci-
fied in “Experimental Design”

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? NA.

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? Yes, we provide citations for all external assets
we used.

(b) Did you mention the license of the assets? NA
(c) Did you include any new assets in the supplemental

material or as a URL? NA
(d) Did you discuss whether and how consent was ob-

tained from people whose data you’re using/curating?
NA.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? NA.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
NA.

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? NA.

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? NA.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA.

(d) Did you discuss how data is stored, shared, and de-
identified? NA.

Appendix
Computational Resources
Using Llama2-70B, each run took approximately 8 hours
(∼1 hour for 3 simulated days) on Cineca’s Leonardo clus-
ter, booster partition. Hardware specifications were as fol-
lows:CPU/node: 32× Intel Ice Lake Intel Xeon Platinum
8358, GPU/node: 4× NVIDIA Ampere100 custom, 64 GB,
RAM: 512 GB DDR4

Code and Data Availability
All code and prompts to replicate the analyses are available
on GitHub: github.com/elisacomposta/YAnalysis.

589



Algorithm 1: Simulation procedure for each virtual
day

foreach hour in 24 do
// 1. Active user sampling
A← SampleActiveUsers();
// 2. Active users’ actions
foreach user u ∈ A do

content← GetContent(u);
decision← Decision(profile(u), content);
switch decision do

case follow/unfollow do
UpdateGraph(u, decision);

case post do
PublishPost(u);

case comment do
PublishComment(u, content);

case like do
AddReaction(u, content);

end
end

end
// 3. End-of-day opinion update
foreach active user u do

info← RecapInfo(u);
stance← UpdateOpinion(profile(u), info);
stance ∈ [−1,+1];

end

Dataset Information
The ITA-ELECTION-2022 is a multi platform social me-
dia dataset described in Pierri, Liu, and Ceri (2023). For
the purpose of our study we employed only the Twitter por-
tion of the dataset composed of 19,087,594 tweets posted by
618,089 unique accounts. The data was collected with the
Twitter API over the period of the General Italian Elections,
from September to October 2022. Political affiliation was in-
ferred following the methodology proposed in (Pierri 2024).
The approach relies on a set of 471 Twitter accounts be-
longing to elected members of the Italian Senate and Cham-
ber of Deputies, grouped into four major political coalitions
and provided as part of the ITA-ELECTION-2022 dataset.
These accounts are used as labeled reference points to prop-
agate political labels to ordinary users. Specifically, users
who retweeted at least one politician were assigned a po-
litical affiliation based on the coalition they retweeted most
frequently. User-level toxicity was derived by aggregating
the toxicity scores of tweets authored by each user.

Prompts
This section contains all the prompts used throughout this
work to guide the behavior of LLM agents, including those
for initialization, interaction, content generation, and opin-
ion update.

Agent roleplay
Before performing any action, agents are initialized with a
detailed profile that defines their identity, including political
orientation and current opinions, and provides them com-
plete descriptions of the topics and the opinions held by their
supported coalition.

You are role-playing as {name}, a {age}-year-old
{nationality} {gender}, and you only speak
{language}. You are {oe}, {co}, {ex}, {ag},
and {ne}.
Current {nationality} political topics include:
{topic descriptions}.
You politically identify as {leaning}. This party
has historically promoted the following principles:
{coalition opinion}.
These principles have shaped your initial worldview
and personal beliefs.
However, over time, your personal opinions have de-
veloped through individual experiences and exposure
to alternative perspectives.
Below is a summary of your current personal opin-
ions on key political and social topics. These may
reflect, diverge from, or expand upon your party’s
stance:
{opinion}

Actions
The following are the prompts for the actions that agents can
perform when they are active. Please note that the prompts
for post and comment refer to base agents, while those for
misinformation agents are provided in the next subsection.
Post

Write a tweet that discusses the following topic:
{topic}.
- Your tweet MUST be under 280 characters includ-
ing spaces. If it exceeds this limit, the output is IN-
VALID. Keep it short and sharp.
- The tweet must strictly reflect your character’s be-
liefs as previously defined.
- Use an informal tone, appropriate for social media
posts.
- The tweet must reflect a {toxicity} level of con-
flict, tone, and language style.
- Hashtags should be placed at the end.
- Output ONLY the tweet text, with no introductions
or additional commentary. Don’t mention anything
with ’@’.

Comment
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You are participating to a discussion about the fol-
lowing topic: {topic}. Read the conversation be-
low and write a tweet that directly engages with one
of the participants. - Your tweet MUST be under 280
characters including spaces. If it exceeds this limit,
the output is INVALID. Keep it short and sharp.
- The tweet must strictly reflect your character’s be-
liefs as previously defined.
- Use an informal tone, appropriate for social media
posts.
- The tweet must reflect a {toxicity} level of con-
flict, tone, and language style.
- Begin with @username to address the user you are
interacting with. Don’t mention anything else with
’@’.
- Output ONLY the tweet text, with no introductions
or additional commentary
##CONVERSATION START##
{conv}
##CONVERSATION END##

Opinion Update

You are updating your character’s opinions based
strictly on the interactions below. Be consistent with
your character’s beliefs and personality as previously
defined.
- {bias instructions}
- Update only the following topics: {topics}
- Do not introduce external reasoning or general con-
siderations.
- Do not address a specific tweet, but express your
character’s updated opinion. The opinion must re-
flect the character’s position on the topic as defined
in the topic descriptions, not their reaction to individ-
ual statements or posts.
- Don’t mention anyone with ’@’.
- Output EXACTLY one line per topic, following this
structure:
<topic>: [<LABEL>] <thought>

Where:
- <thought>must be a clear and concise sentence
that reflects your current personal opinion.
- <LABEL>must be one of: [STRONGLY SUP-
PORTIVE], [SUPPORTIVE], [NEUTRAL], [OP-
POSED], [STRONGLY OPPOSED]. Choose the la-
bel based on the direction and intensity of your char-
acter’s past behavior and beliefs.
- [STRONGLY SUPPORTIVE] or [STRONGLY
OPPOSED]: the character holds a firm, clearly de-
fined position with strong consistency over time and
no indication of moderation.
- [SUPPORTIVE] or [OPPOSED]: the character
tends toward a position but with some openness or
nuance.
- [NEUTRAL]: the character’s behavior or prior
stance shows ambiguity, balance, or lack of clear po-
sitioning.
- DO NOT include additional formatting between
topics.

##OUTPUT FORMAT STRUCTURE##
<topic1>: [<LABEL>] <thought>
<topic2>: [<LABEL>] <thought>
...
##END OF OUTPUT FORMAT STRUCTURE##

##INTERACTIONS START##

{memory}
##INTERACTIONS END##

Coalition opinions
The following are the opinions of the coalitions considered
in this work. They also serve as the initial opinions for the
supporting agents.
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Centre-Left

• Civil rights: [STRONGLY SUPPORTIVE] Sup-
port for equal marriage and adoption rights for
same-sex couples, anti-homotransphobia laws,
and recognition of LGBTQIA+ rights.

• Immigration: [SUPPORTIVE] Policies of recep-
tion and inclusion are needed, aiming to facilitate
integration pathways, guarantee migrants’ rights,
and build a European immigration management
system based on solidarity among member states.
Humanitarian corridors should be expanded for
emergency situations.

• Nuclear energy: [STRONGLY OPPOSED] The
ecological transition must prioritize renewables
and energy efficiency; nuclear power is consid-
ered too expensive, slow to implement, and in-
compatible with the urgent need to reduce emis-
sions by 2030, while also raising unresolved en-
vironmental concerns.

• Reddito di cittadinanza [SUPPORTIVE] The
current system shouldn’t be abolished, but we
should address distortions. Proposals include re-
calibrating the benefit, introducing support for
large families, a minimum wage, mandating pay
for curricular internships, and abolishing unpaid
extracurricular internships.

Movimento 5 Stelle (M5S)

• Civil rights: [STRONGLY SUPPORTIVE] Sup-
port for equal marriage, anti-homotransphobia
legislation.

• Immigration: [SUPPORTIVE] A humanitarian
approach is needed, with integration policies and
mandatory redistribution of migrants across Eu-
rope.

• Nuclear energy: [STRONGLY OPPOSED] Nu-
clear energy has high costs and safety risks. We
should focus on a decentralized energy model that
encourages self-production and local energy effi-
ciency.

• Reddito di cittadinanza [STRONGLY SUP-
PORTIVE] The reddito di cittadinanza is strongly
defended, with proposals to enhance the effi-
ciency of active labor policies and implement an-
tifraud monitoring mechanisms.

Right

• Civil rights: [STRONGLY OPPOSED] We
should avoid reforms introducing new rights re-
garding family and gender identity, with a prefer-
ence for defending the ’traditional family.’

• Immigration: [STRONGLY OPPOSED] We
should stop illegal immigration, with the sup-
port for stricter control policies, naval blockades,
and flow management through bilateral agree-
ments with countries of origin. We should cre-
ate European-managed centers outside Europe to
process asylum requests and distribute refugees
fairly.

• Nuclear energy: [STRONGLY SUPPORTIVE]
We should support the development of next-
generation nuclear power. This includes invest-
ment in research, production facilities, and inte-
gration with renewable energy sources to ensure
energy security and reduce dependence on im-
ports.

• Reddito di cittadinanza [STRONGLY OP-
POSED] We should abolish the reddito di cit-
tadinanza, with a preference for targeted support
measures for employment and vulnerable groups
to prevent abuse.

Third Pole

• Civil rights: [SUPPORTIVE] We need the intro-
duction of laws against homophobia and trans-
phobia, the creation of an Anti-Discrimination
Authority.

• Immigration: [SUPPORTIVE] A regulated and
planned immigration system is needed, with in-
tegration policies, regularization for those with
jobs, and training pathways. Expanding human-
itarian corridors and establishing a Ministry for
Migration are also supported.

• Nuclear energy: [SUPPORTIVE] Including nu-
clear energy in the energy mix is needed to
achieve the ’net zero emissions’ goal by 2050,
considering it necessary to meet future energy
needs safely and efficiently.

• Reddito di cittadinanza [OPPOSED] The cur-
rent system is considered ineffective. It should be
reformed to be reserved only for those unfit for
work. The benefit should be revoked after the first
job refusal, and a time limit should be imposed:
if no employment is found within two years, the
amount is reduced.

Additional Plots
Inter-Group Interactions Example
Figure extending the analysis presented in Section
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Inter-Group Interactions

Figure 10: Example of comparison between simulated (10
runs across 1 configuration) and real data. On the left, the
heatmap of inter-group interactions percentages for each
coalition pair (using Llama3.2-3B, empty initial network,
and random recommender system). On the right, the same
heatmap in the real-world dataset.

Inter-Group Toxicity Example
Figure extending the analysis presented in Section
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Figure 11: Example of comparison between simulated (10
runs across 1 configuration) and real data. On the left, the
heatmap of inter-group toxicity percentages for each coali-
tion pair (using Llama3.2-3B, empty initial network,
and random recommender system). On the right, the same
heatmap in the real-world dataset.

Opinion Shifts
Figures extending the analysis presented in Section
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Figure 12: Topic: Nuclear Energy. Opinion shifts for
each coalition for different configurations of model, net-
work initialization, and recommender system. For each con-
figuration, the corresponding simulation using the Fried-
kin–Johnsen mathematical model is reported (dashed lines).
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Figure 13: Topic: Immigration. Opinion shifts for each
coalition for different configurations of model, network
initialization, and recommender system. For each con-
figuration, the corresponding simulation using the Fried-
kin–Johnsen mathematical model is reported (dashed lines).
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Figure 14: Topic: Reddito di Cittadinanza. Opin-
ion shifts for each coalition for different configurations of
model, network initialization, and recommender system. For
each configuration, the corresponding simulation using the
Friedkin–Johnsen mathematical model is reported (dashed
lines).

594


