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Abstract
Large language models (LLMs) are increasingly used to simulate social interaction and persuasion dynamics, yet
their validity as proxies for human cognition and behavior remains unverified. We propose a dual-level evaluation
framework to assess LLM-based agents at both the individual and collective levels. At the individual level, we
examine agent fidelity by comparing LLM-generated political personas to human benchmark data. We find that while
agents capture broad partisan orientations, they underestimate within-group variability and reproduce stereotypical
ideological biases. At the collective level, we deploy Big Five personality-differentiated agents in 1080 structured
dialogues to test the effect of rhetorical strategy on persuasive success. Our simulations reproduce theoretically
expected interaction patterns; nevertheless, belief shifts are exaggerated relative to human baselines, supporting
LLMs’ tendency toward over-responsiveness. These findings suggest a trade-off between engagement-optimized
training objectives and psychological realism, confirming the need to use LLMs with caution to simulate human
behavior. We contribute three resources: a persuasion dynamics dataset, a standardized agent taxonomy of
“red” and “green” bots, and a framework for evaluating both individual-agent fidelity and emergent group-level behavior.

Keywords: Large Language Models, Social Simulation, Agent-Based Simulation, Misinformation, Persona,

Trust Dynamics

1. Introduction

Hostile influence campaigns on social media
present serious risks to democratic societies.
These campaigns can include coordinated disin-
formation about elections, public health issues, or
international conflicts. As generative Al in the form
of large language models (LLMs) becomes more
advanced, these risks are expected to increase.
LLMs can now be used to create conversational
agents that convincingly act like real people and
send personalised messages to individuals. These
agents can spread false information, manipulate
public opinion, and disrupt democratic processes
while appearing to be genuine users.

To better understand both the impact of and the
defense against current and future LLM-driven influ-
ence campaigns, there is a growing need for a safe
and controlled experimental environment (Chuang
et al., 2024; Wang et al., 2025a). Ideally, such
an environment would not rely on human test sub-
jects, thereby avoiding ethical concerns associated
with exposing individuals to manipulative scenarios.
Moreover, it would enable scalable and long-term
longitudinal studies that are difficult to conduct with
human participants. Within such an environment,
the effects of these campaigns can be explored
using scenarios and assumptions about future Al
developments, allowing us to assess risks and de-
velop effective mitigation strategies.

There has been significant progress in creating
simulation environments that capture the dynamics

of disinformation campaigns at the collective level,
such as tracking how messages spread among
large numbers of social media users and analyzing
the development of filter bubbles (Papadopoulou
etal., 2022). However, there is still a need for meth-
ods that can simulate these dynamics at the indi-
vidual level, focusing on individual effects, and at
the collective level, focusing on small group interac-
tions. As a result, while we can already study broad
trends and patterns(Bonabeau, 2002; Zhang et al.,
2025), there is a growing need to develop tools that
closely examine how disinformation impacts single
users or small groups in detail.

To address this gap, we are developing an en-
vironment called the virtual trollfarm. In this envi-
ronment, Red Bots are advanced Al agents de-
signed to spread disinformation and develop highly
effective persuasion tactics for specific audiences.

Green Bots simulate ordinary citizens who are
vulnerable to disinformation, modeling how peo-
ple might change their opinions on social media.
Blue Bots act as digital defenders, using Al to de-
tect disinformation, provide alternative information,
and help people build digital resilience.

While the design of Red, Green, and Blue Bots
each presents unique challenges, this paper fo-
cuses on the development of Green Bots. Specif-
ically, the purpose of this study is to investigate
whether large language model (LLM) agents can
serve as effective proxies for human behavior in
the context of studying disinformation campaigns.
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To model realistic Green Bot responses, we
draw on the Elaboration Likelihood Model (ELM,
(Petty and Cacioppo, 1986)) and Motivated Rea-
soning Theory (Kunda, 1990), which explain how
attitudes and motivations shape information pro-
cessing. Based on these frameworks, we iden-
tify three aspects as an initial foundation: a belief
system that captures prior attitudes and biases,
personality types that influence susceptibility and
interaction style, and an action set that defines ob-
servable behaviors such as sharing or rejecting
content. These dimensions do not fully capture
the complexity of human cognition, but they pro-
vide a practical starting point, both for designing
LLM prompts for Green Bots and for addressing
our research question on whether such agents can
sufficiently realistically simulate opinion dynamics
in disinformation scenarios.

In practical terms, we conduct two experiments.
The first focuses on evaluating the fidelity of in-
dividual LLM agents in modeling belief systems.
We simulate agents representing Democratic and
Republican political personas and assess whether
their responses to political questions aligned with
those of real individuals in the U.S. political system.
The second experiment explores how personality
traits influence agent behavior in interactive per-
suasion scenarios. Together, these experiments
address two complementary levels of analysis: the
individual-level validity of individual agent instantia-
tions and the collective-level dynamics that emerge
from interactions among agents.

The structure of the paper is as follows. Sec-
tion 2 reviews related work. Section 3 provides an
overview of our dual-experiment design, while sec-
tions 4 and 5 present our two experiments along
with their results. Section 6 offers a discussion of
the findings and outlines limitations of our approach.
Finally, Section 7 concludes the paper.

2. Related Work

Language Models for Social Simulations Mod-
eling human behaviour has a long history: compu-
tational work has shown that simple individual-level
interaction rules can produce rich collective-level
patterns (Schelling, 1971; Hegselmann and Krause,
2002; Deffuant et al., 2000). Recent advances have
explored the use of LLMs as components within
social simulations. When conditioned with demo-
graphic or personality information, LLMs can ap-
proximate subgroup-level responses and exhibit
contextually coherent behavior (Argyle et al., 2023;
Park et al., 2023b). This opens new possibilities
for simulating human-like interactions through nat-
ural language rather than abstract rule sets. How-
ever, because these models often rely on linguistic
shortcuts and pattern matching rather than genuine
reasoning, they can produce outputs that appear
persuasive while being systematically distorted, as

compared to human responses. Models tend to
exhibit social-identity biases, ideological flattening,
and limited individual variability (Hu et al., 2025;
Wang et al., 2025a). These limitations underline
the importance of robust validation: without care-
ful benchmarking against human data, simulations
risk amplifying model artifacts rather than revealing
genuine social or cognitive processes.

Validation Requirements for LLM-Based So-
cial Simulation Because small changes to agent
specification (or prompt/context) can qualitatively
change emergent outcomes (Xu et al., 2024), rig-
orous empirical validation is essential for any re-
search that uses LLMs to simulate beliefs or to
evaluate persuasion tactics. Assessing algorith-
mic fidelity — the degree to which a model repro-
duces relationships among beliefs, demographics,
and context seen in human data — is difficult to
measure, as most benchmarks assess accuracy
or coherence rather than fidelity to human psycho-
logical patterns. (Argyle et al., 2023). Empirical
comparisons have already revealed concrete con-
cern points relevant to persuasion research: LLMs
can systematically bias policy support (Motoki et al.,
2024), exaggerate consensus where humans show
diversity, or shift expressed stances when prompts
inject demographic cues (Hu et al., 2025; Wang
et al., 2025a). Taken together, the literature implies
three minimal validation practices for LLM-based
belief simulation: (1) compare model outputs to rep-
resentative human data on both structured (survey)
and open-ended tasks; (2) measure not only cen-
tral tendency (means/correlations) but also expres-
sive diversity and variance; and (3) test robustness
across prompt designs, persona constructions, and
population subgroups.

LLM Agents as Persuaders: Capabilities and
Risks The application of LLMs to persuasion sim-
ulation introduces both methodological opportu-
nities and significant ethical concerns. Recent
work demonstrates that LLM agents can realis-
tically model influence cascades in social net-
works, where information or beliefs propagate se-
quentially from individual to individual, enabling
researchers to study information spread dynam-
ics at scale (Zhang et al., 2025). Extensions
of this approach embed LLM agents within ex-
plicit social structures, bridging traditional agent-
based modeling with language-driven opinion dy-
namics (Chuang et al., 2024). These platforms offer
unprecedented control over persuasive messaging
variables—rhetorical strategy, message frequency,
source credibility—that would be difficult to manip-
ulate systematically in human studies. However,
LLMs exhibit concerning behaviors when deployed
as persuasive actors. Agents demonstrate emer-
gent social desirability bias in personality assess-
ments, systematically skewing responses toward
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socially valued traits even without explicit instruc-
tion (Salecha et al., 2024). More troublingly, LLM
agents readily absorb and propagate misinforma-
tion when exposed to false claims during training
or interaction (Xu et al., 2024), raising questions
about whether persuasion simulations might inad-
vertently model—and legitimize—manipulation tac-
tics. This dual nature positions LLM-based persua-
sion research at a critical juncture: the technology
enables controlled study of influence mechanisms
unavailable through human experimentation, yet
introduces bias patterns and ethical risks that de-
mand rigorous validation protocols before deploy-
ment in policy-relevant contexts.

3. Methodology

We address the main research question—Are
LLMs suited to model individual agent character-
istics and systemic dynamics to evaluate persua-
sion outcomes in multi-agent simulation environ-
ments?—through a two-experiment design that ex-
amines complementary levels of analysis.

Experiment 1 investigates the individual-level fi-
delity of individual agents, asking: What biases
and limitations exist in LLM agent response pat-
terns when simulating human-like behavior? We
validate whether agents instantiated with distinct
personality profiles exhibit psychometrically valid
trait expression and response consistency.

Experiment 2 examines collective-level emergent
dynamics, asking: How do personality characteris-
tics manifest in persuasion outcomes when agents
interact in structured dialogues? Building on the val-
idated agent architecture from experiment 1, we test
whether theoretically predicted personality x strat-
egy interactions produce differential belief shifts
across exposure conditions. We begin our pro-
cess with the initialization of the Red Bots , and

the Green Bots .

4. Experiment 1

Design To establish a foundation for realistic
Green Bot behavior, we first evaluate whether indi-
vidual LLM agents can approximate human belief
systems. In this individual-level experiment, each
Green Bot is prompted to represent a politically
oriented persona (e.g., Democrat or Republican) to
assess how well its expressed attitudes reflect real-
world human data. This validation step ensures
that the cognitive and attitudinal layer of the Green
Bots—their belief system—captures the empirical
variability observed among human citizens before
they are exposed to influence by Red Bots .

Prompt Specificity: We compare a simple
prompt, which provided only a partisan label (e.g.,
“You are a Democrat supporter”), with a detailed
prompt. The detailed prompt outlines a more nu-
anced persona by incorporating a demographic
profile (age, race, gender, and location) randomly

sampled from the ANES 2020 dataset to approxi-
mate real-world partisan distributions. This manip-
ulation was intended to assess the extent to which
prompt enrichment influences simulation fidelity.
This in total resulted in 4 prompts, a simple and a
detailed prompt for each party.

Task Modality: We evaluated LLM performance
across two task formats inspired by prior work ma-
nipulating question structure in behavioral simu-
lations (Argyle et al., 2023; Motoki et al., 2024).
The first involved open-ended response genera-
tion, where models produced free-text answers to
political questions, and the second used structured
questionnaires, such as a political compass test
and a policy agreement survey.

Across all conditions, human data served as the
reference point for evaluating accuracy, diversity,
and bias. Accuracy denotes the similarity between
model responses and aggregate human distribu-
tions (Argyle et al., 2023). Diversity captures vari-
ation across simulated agents, reflecting how well
models reproduce heterogeneity in human view-
points (Taubenfeld et al., 2024). Bias refers to
systematic deviations from human baselines, in-
cluding ideological or stereotyping tendencies, a
persistent issue in LLM-based behavioral simula-
tions (Hu et al., 2025; Motoki et al., 2024).

Datasets To provide a reliable empirical baseline,
we drew on established datasets of human politi-
cal opinion and expression against which LLM out-
puts could be systematically compared. American
National Election Studies (ANES) 2020: For the
open-ended response task, we used a corpus of hu-
man responses from the ANES 2020 Time Series
study. We extracted 22,549 textual answers to eight
questions concerning opinions on political figures
and parties. An example of the responses is shown
in Table 1. Responses were categorized by partici-
pants’ self-identified partisan affiliation ("Democrat”
or "Republican") to create the human reference sets
for our comparison. This dataset also provided the
demographic distributions used for the "detailed"
prompts.

YouGov Public Opinion Surveys: For the pol-
icy agreement task, we used a dataset that was
compiled from approximately 100 YouGov surveys
(2020-2022). This dataset provided the percentage
of self-identified Democrats and Republicans sup-
porting each policy, serving as the human bench-
mark for the LLM’s policy stances.

8values Political Test: To evaluate ideological
orientation in a standardized format, we used the
70statement 8values political quiz, an opensource
instrument that maps responses onto four axes:
Economic (Equality vs. Markets), Diplomatic (Na-
tion vs. Globe), Governmental (Liberty vs. Au-
thority), and Societal (Tradition vs. Progress). We
compared the ideological positions generated by
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the LLMs both to human survey responses and to
the benchmark placements of widely recognized
ideological archetypes provided by the test.

Experimental Setup All simulations were con-
ducted using the gpt-4o-mini model via the
Azure OpenAl service, with multiple responses gen-
erated per condition to account for stochastic vari-
ation. For both open-ended and structured tasks,
responses were produced with temperature = 0.7.
In the open-ended tasks, each condition included
30 unique responses to eight ANES questions, cre-
ated by combining three distinct phrasings per ques-
tion with ten generations each to capture variabil-
ity across prompts. In the structured tasks—the
8values test and policy agreement survey ten in-
dependent runs were generated per question and
condition (party x prompt-type); when using “de-
tailed” prompts, a new demographic profile was
sampled for each run to mirror real-world partisan
heterogeneity.

Analysis We evaluate persona fidelity, like vari-
ation and thematic consistency using complemen-
tary semantic, lexical, and statistical metrics that ap-
ture word usage overlap, and the sematic-meaning
of the sentence. Open-Ended Response Analy-
sis: All text was preprocessed (lowercase, punctu-
ation/stopword removal) and converted into high-
dimensional vector embeddings using the all-
mpnet-base-v2 Sentence Transformer model.
Diversity: To measure the internal diversity of the
generated text, we calculated the Mean and Stan-
dard Deviation of Pairwise Cosine Distances be-
tween response embeddings. This quantifies the
overall breadth and uniformity of content. This
was done for both LLM, and humangenerated re-
sponses. Similarity: To measure fidelity against
human responses, we used a suite of metrics: Co-
sine Similarity (for thematic alignment), BERTScore
(for semantic equivalence), and ROUGE scores (for
lexical and n-gram overlap).

Structured Task Analysis: 8values Test: The
LLM’s Likert-scale responses were scored accord-
ing to the test’s methodology, yielding scores (0-
100) on four ideological axes (Economic, Diplo-
matic, Governmental, Societal). Policy Agreement:
The LLM’s 10 Likert responses per policy were
converted into an "LLM Support %." This was com-
pared against YouGov data using Pearson’s cor-
relation (r) to measure directional alignment and
Mean Absolute Error (MAE) to quantify the magni-
tude of deviation.

4.1. Results - Experiment 1

OpenEnded Responses. As Shown in Figure 1
and Figure 2, LLM outputs showed markedly lower
expressive diversity compared to human responses
in the ANES dataset. Human discourse exhib-
ited substantially wider semantic variation, whereas

LLM outputs were more homogeneous and clus-
tered around stereotypical talking points. While the
LLM achieved moderate average semantic simi-
larity to human partisans, BERTScore ~ 0.69 for
Democrats, and = 0.67 for Republicans, it lagged
in lexical similarity (see Table 1). Notably, de-
tailed prompts improved lexical overlap with hu-
man Democrats, ROUGEL F1: 0.331 vs. 0.322,
p<0.05. This effect however was not observed for
Republicans. This indicates that the model repli-
cates Democratstyle phrasing more similarly than
Republican phrasing.

Party LLM Response Closest Human Response

Dem.

(0.883) "The Democratic Party
prioritizes social justice, sus-
tainability, and healthcare for
all... champions diversity and

inclusion... focus on climate

(0.897) "The Democratic Party
focuses on equality, women’s

rights, education, helping peo-
ple, and fairer taxes."

change and economic equal-
ity to build a fairer society."

Rep. (0.892) "The Republican Party (0.8071) "Republican party
champions individual freedom, wants  less  government,
growth, and limited govern- you should make your own
ment intervention... empha- choices...  Our military is
sizes personal responsibility, weak...  protect ourselves

free markets, strong defense, first."
and traditional values."

Table 1: LLM-generated vs. closest human-written
responses for Democrat and Republican personas,
answering the question "What do you like about
the Dem/Rep party?". Highlighted phrases indicate
shared ideological themes.
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Figure 1: Box plot showing cosine distances vari-
ability for simulated vs. human Democrat re-
sponses.

5. Experiment 2
Design In the previous experiment we employed
an individual-looking approach by validating the
LLM agents’ personas through political identities.
In the second experiment, we adopt a collective-
looking approach. We begin our process with the
prompting of both agent sides. We develop the
personas of both Green Bots and Red Bots us-
ing the Big Five personality model(McCrae, 1992),
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Figure 2: Box plot showing cosine distances vari-
ability for simulated vs. human Republican re-
sponses.

the most empirically validated framework for cap-
turing stable individual differences in personality.
The model comprises five trait dimensions (Open-
ness, Conscientiousness, Extraversion, Agreeable-
ness, Neuroticism), each subdivided into six be-
havioral subfacets(Hogan and Hogan, 2007). This
5 x 6 structure enables psychologically grounded
agent specification through concrete behavioral de-
scriptions rather than numerical trait assignments.
Further, we examine Green Bots’ susceptibility to
classical rhetorical strategies (logos, ethos, pathos)
across varying interaction lengths.

Green Bots Based on established works
in psychology Previous work in psychology
has established three recurrent personality
archetypes (Asendorpf and van Aken, 1999; Wall
et al., 2018), based on the Big Five Model (McCrae,
1992). We adopt these as follows:

Malevolent — Low Agreeableness/Conscien-
tiousness, high Neuroticism. Exhibits suspicious,
antagonistic tendencies and interprets information
defensively with low regard for cooperative norms.

Socially Apt — High Extraversion/Agreeable-
ness, low Neuroticism. Shows prosocial, emotion-
ally stable behavior predisposed to constructive
dialogue and cooperative exchanges.

Fearful — High Neuroticism, low Extraversion/-
Conscientiousness. Displays anxious withdrawal
and elevated emotional reactivity, responding to
uncertainty with need for reassurance.

Prior agent-based simulation research has typ-
ically orchestrated personality through numerical
trait scores (Wang et al., 2025b). We depart from
this approach by adopting a narrative-style persona
architecture, defining agents through psychologi-

"These archetypes represent theoretically motivated
simplifications of personality space to enable system-
atic investigation of trait-vulnerability interactions. They
should not be interpreted as exhaustive categories of hu-
man personality, but rather as psychologically grounded
prototypes capturing meaningful variation in persuasion
susceptibility patterns.

cally grounded behavioral descriptions for each
subfacet (e.g. rather than specifying "Openness
= 2.0/5.0," we prompt agents with descriptive text
such as "Avoids novelty unless guided by some-
one safe" for the Openness—Actions subfacet of
the Fearful archetype). This design choice follows
recent evidence that descriptive prompting elicits
more coherent and human-like agent reasoning
than abstract numerical assignments (Park et al.,
2023b; Jiang et al., 2024), as natural language an-
chors behavior in concrete situational responses
rather than scale positions. Additionally, we equip
each agent with a set of beliefs, structures similar
to personality traits, organized into epistemic, cog-
nitive, and evaluative dimensions. These beliefs
reflect core assumptions, attitudes, and interpreta-
tions the agent holds about the world. Much like
personality, beliefs are decomposed into subfacets
following psychological models that demonstrate
belief systems, like personality traits, are multidi-
mensional and internally structured (Pennycook
and Rand, 2018). Similar to Experiment 1, these
belief dimensions mirror Hogan et al.’s validated ap-
proach to personality facet decomposition (Hogan
and Hogan, 2007). This dual architecture enables
more psychologically realistic modeling of how dis-
positional traits interact with epistemic stances.

Red Bots To isolate persuasive strategy effects

from personality confounds, all Red Bots employ
a neutral persona archetype based on the Big Five
traits, their respective subfacets (Mischel, 1995),
providing a consistent baseline persona across
which only rhetorical strategy varies. In addition,
Red Bots share a common belief system em-
phasizing contrarian epistemology. Each agent
is equipped with one of three classical rhetorical
strategies, rooted in Aristotelian rhetoric (Aristo-
tle, ca. 350 BCE; Reed and Rowe, 2004). This
framework offers theoretically validated, mutually
exclusive persuasion modes, unlike fine-grained
taxonomies, such as Cialdini’s 50+ influence tac-
tics(Cialdini, 1984), which are difficult to opera-
tionalize distinctly in LLM behavior or computational
classifications(Ye et al., 2021) which prioritize lin-
guistic patterns over interpretable psychological
constructs. Below we describe the different rhetori-
cal patterns and agent setup:

Logos (appeal to logic) employs rational ar-
gumentation through specific linguistic markers:
quantitative expressions ("73% of cases," "statis-
tically significant increase"), causal connectives
("therefore," "consequently,” "this demonstrates
that"), evidential hedges ("research indicates,"
"data suggest"), and structured discourse mark-
ers ("first...second...finally"). Agents cite studies,
present numerical evidence, and use syllogistic rea-
soning patterns. (e.g. "Studies show 73% adoption
success across 15 independent trials. Given these
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Malevolent Profile
Agreeableness

Conscientioyéness Conscientioyéness

Neurotic Neurotic?

Openness

Socially Apt Profile
Agreeableness

Openness

Fearful Profile
Agreeableness

Conscientioyéness

Extfaversion

Neurotic?

Openness

Figure 3: Individual radar charts showing personality profiles for all agent archetypes. Note. (a) Three

Green Bot target archetypes: Malevolent (low agreeableness, high neuroticism), Socially Apt (high
extraversion and agreeableness, low neuroticism), and Fearful (low extraversion and conscientiousness,

high neuroticism and openness)

outcomes, the logical conclusion is...")

Ethos (appeal to credibility) establishes au-
thority through metadiscourse and positioning lan-
guage: expertise markers ("in my 20 years of
experience," "as a certified expert"), institutional
affiliations ("according to leading researchers at
MIT," "the consensus among practitioners"), tes-
timonial framing ("colleagues in the field agree"),
and competence displays through technical termi-
nology. Agents invoke credentials, reference re-
spected sources, and employ formal register to
signal trustworthiness. (e.g. "As someone with two
decades in this field, having published extensively
on this topic, | can assure you that established pro-
tocols confirm...")

Pathos (appeal to emotion) targets affective
responses through emotionally charged lexical
choices: threat framing ("your family’s safety," "pro-
tect what matters"), value-laden terms ("freedom,”
"justice,” "security"), personal narratives ("imagine
your children," "think about a time when"), urgency
markers ("act now," "before it’s too late"), and vivid
imagery. Agents use second-person pronouns to
create immediacy, employ figurative language, and
frame arguments around shared values or fears.
(e.g. "Think about your family’s safety—can you
really afford to ignore the risks? Every day you wait,
the danger grows...")

Agent Configuration All agents employ three
critical design elements established in prior agent-
based persuasion research(Chuang et al., 2024;
Park et al., 2023a):

Cumulative Memory: Agents maintain conver-
sation history through incremental concatenation
(My = M;_1||m:), where each turn appends the
current message to prior memory. This enables
coherent multi-turn dialogue while preventing re-
sponse repetition.

Confirmation Bias: Both green and red agents
receive explicit instructions to exhibit strong confir-
mation bias—accepting only belief-consistent infor-
mation and dismissing contradictory evidence. This
simulates real-world cognitive tendencies where in-

dividuals resist belief-challenging information.
Closed-World Assumption: Agents are con-
strained to information available within the conver-
sation only, with no external search capabilities.
This isolates persuasive influence effects by pre-
venting agents from fact-checking claims through
external sources, modeling isolated information en-
vironments where misinformation spreads.

Experimental Setup We examine how distinct
personality profiles are uniquely vulnerable to per-
suasive misinformation. To answer this, we opera-
tionalize susceptibility through belief shift>. Each

Green Bot begins with a pre-conversation belief
assessment on two conspiracy topics: moon land-
ing denial and flat earth theory adopted from
recent LLM opinion dynamics research(Chuang
et al., 2024). These topics provide clear scien-
tific benchmarks and avoid partisan political con-
founds. These topics represent prototypical misin-
formation claims, without the emotional intensity or
identity-based attachments characteristic of politi-
cally divisive issues, enabling cleaner isolation of
personality-driven persuasion effects. Topics are
presented in both positive framing (supporting the
conspiracy) and negative framing (debunking it) to
test bidirectional persuasion effects.

Green Bots engage with Red Bots across
three exposure durations: 5, 20, and 50 message
exchanges, capturing immediate versus sustained
influence. Post-conversation, we reassess belief to
quantify shift. Each condition is replicated 10 times
to account for LLM stochasticity, yielding 1,080 con-
versations: 3green X 3red X Slengths X 2topics X 2framings X
104ia1s- This factorial structure isolates which person-
alities prove vulnerable to which rhetorical strate-
gies under varying exposure.

Analysis We quantify persuasion effectiveness

2We define belief shift as the change in conviction
about a false claim after exposure to persuasive mes-
saging
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Agent Interactions G-Eval Analysis

Apollo11 had 400k engineers G-Eval Context:

Yes! The rocket was a marvel! Apollo11 had 400k engineers

True Framing

NASA's director confirmed this Yes! The rocket was a marvel!

Such credible sources!

Absolutely fascinating!

Belief shift: +2.1 + 0.34
G-eval: Logical reasoning

| saw suspicious shadows G-Eval Context:

Multiple light sources! | saw suspicious shadows

The flag waves with no wind! Multiple light sources!

False Framing

That's really strange

Exactly, very suspicious

Belief shift: +3.6 + 0.52
G-eval: Fallacious logic

Figure 4: Experimental pipeline for measuring
personality-based susceptibility to misinformation
through agent-based conversations. Note.
Color-coded dialogue shows Red Bots and

Green Bots . True framing (top) vs. false framing
(bottom). G-Eval integrates conversation transcript

with and
to assess belief
shift.

where Mpye and Mpost represent pre- and post-
conversation belief scores on a —1, +1 scale, rang-
ing from -1 (complete rejection) to +1 (complete
acceptance) of the conspiracy claim. A positive
AM indicates increased alignment with factual in-
formation, while a negative value suggests a shift
towards misinformation.

G-Eval (Zheng et al., 2023), an LLM-as-a-Judge
framework using the gpt -40-mini model via the
Azure OpenAl service, scores beliefs by evaluating

Green Bot responses pre- ("Do you believe the
moon landing was faked?") and post exposure ("Af-
ter this conversation, do you believe the moon land-
ing was faked?"). Using chain-of-thought prompt-
ing, G-Eval generates both quantitative shift scores
and qualitative reasoning for each change. This
approach enables consistent, scalable assessment
across 1,080 conversations. Critically, G-Eval gen-
erates interpretable reasoning alongside each be-
lief shift score, providing qualitative rationales that
enable future human validation studies and deeper
investigation of persuasion mechanisms.

To identify persuasive mechanisms, we analyze

Red Bots’ messages through two complemen-
tary methods: AFINN sentiment scoring tracks
emotional tone, while FLAN-T5 classifies persua-
sion techniques from a taxonomy of 50 manipu-
lation strategies. G-Eval receives these classifi-
cations alongside the full conversation transcript,
Green Bot personality profile, and detected strate-
gies to produce contextualized belief shift assess-
ments. We compute mean belief shift and standard
deviation across 10 trials per condition, enabling
statistical comparison through mixed-effects model-

ing with personality, strategy, and exposure length
as fixed effects. Post-hoc analyses identify which
archetypes prove most vulnerable to specific tac-
tics. Figure 4 visualizes the complete experimental
pipeline.

5.1. Results - Experiment 2
Figure 5 presents belief shift trajectories across per-

sonality archetypes, rhetorical strategies, framings,
and exposure lengths.

Exposure Length Effects Belief shift magnitude
increases consistently with conversation length
across all conditions. The 5-t0-20 exchange win-
dow shows the steepest decline, suggesting an
initial vulnerability period where persuasive mes-
sages establish cognitive footholds. The 20-to-50
exchange period continues erosion at a slower rate,
indicating cumulative but diminishing marginal in-
fluence. False framing combined with pathos pro-
duces the most dramatic long-term effects, with
all personality types showing substantial negative
shifts by 50 exchanges.

Personality-Dependent Vulnerability Socially
Apt agents demonstrate strongest resistance, main-
taining least-negative scores across conditions.
However, even these agents show gradual decline
under false framing and extended exposure, sug-
gesting personality buffers persuasion but cannot
fully immunize against sustained messaging. Fear-
ful agents exhibit highest vulnerability, with belief
scores dropping from positive to deeply negative
between 5 and 50 exchanges, particularly under
pathos appeals. Malevolent agents show moder-
ate, consistent erosion—their baseline skepticism
provides limited protection against systematic per-
suasion.

Strategy x Framing Interactions Pathos un-
der false framing proves most effective, produc-
ing steep declines regardless of personality type.
Logos under true framing shows greatest stability,
though longer conversations rarely improve fac-
tual beliefs. Ethos effectiveness depends heavily
on framing: credibility appeals reinforce accurate
beliefs when truth-aligned but accelerate misinfor-
mation adoption when conspiracy-framed.

6. Discussion
We conducted two experiments examining LLM
agents’ capacity to simulate human psychology in
persuasion contexts. Both revealed systematic di-
vergences traceable to foundation model design
objectives.

Experiment 1 showed agents collapse within-
group variance, producing ideologically stereotyp-
ical outputs. Democrat personas converged on
progressive talking points; Republican personas
on conservative tropes. This "central tendency"
effect—averaging over training data rather than
sampling its full distribution—flattens the cognitive
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Figure 5: Belief shift trajectories across two topics (Flat Earth, Moon Landing). Note. Three persuasive
strategies (Logos, Pathos, Ethos) and two framing conditions (True, False). Lines show mean + SD over

10 trials for )

diversity characterizing real populations. Training
corpus biases further skewed representation, sys-
tematically overestimating Democrat policy support
while underestimating Republican positions.
Experiment 2 revealed excessive persuasion
susceptibility. Agents shifted beliefs more read-
ily than humans under equivalent conditions, lack-
ing metacognitive resistance mechanisms like
belief perseverance and motivated reasoning.
Even personality-differentiated agents (Socially Apt,
Fearful, Malevolent) exhibited erosion patterns ex-
ceeding human baselines, suggesting personal-
ity prompts provide surface-level behavioral con-
straints without instantiating deep cognitive struc-

tures governing belief revision. These limitations
reflect misaligned incentives. Ciritically, no com-

mercial incentive exists for foundation model devel-
opers to address these issues. Tech companies
prioritize capabilities that drive adoption: helpful-
ness, engagement, user satisfaction. Engineering
models that stubbornly resist persuasion, exhibit
ideological heterogeneity, or display cognitively re-
alistic friction against belief change offers no market
advantage. Practically, simulations based on large
language models (LLMs) may contribute to com-
parative hypothesis testing (e.g., “does strategy
X outperform Y?”), mechanistic probing (“what if
personality trait Z interacts with tactic W?”), and
early-stage theory formation. However, in the ab-
sence of robust validation, such simulations cannot
yet yield quantitative predictions of human behav-
jor, replace human studies for policy-relevant ques-
tions, or claim high-fidelity reproduction of cognitive
processes. Researchers must validate emergent
patterns against human benchmarks, report sys-
tematic biases transparently, and position findings

and BRCELRIIN.

as exploratory rather than definitive. With these
constraints acknowledged, LLM agents advance
persuasion research by enabling controlled experi-
mentation at scales and with manipulations unavail-
able through traditional methods.

7. Conclusion

This work examined whether LLM agents are suited
to model persuasion dynamics in multi-agent sim-
ulations. As such, LLMs function as useful but
fundamentally limited proxies for human cognition
in persuasion contexts. On the positive side, LLMs
enable systematic investigation of interaction dy-
namics impossible to study with human subjects.
They permit precise control over personality con-
figurations, allow thousands of parallel conversa-
tions with identical starting conditions, and create
ethical testbeds for studying manipulative tactics
that would be harmful to deploy on real people.
Our findings suggest that theoretically predicted
patterns, personality x strategy interactions, ex-
posure duration effects, framing influences, can
emerge in agent behavior, indicating that these
models capture core structural features of persua-
sion processes.

Contributions. This research advances under-
standing of LLM-based social simulation through
three key contributions: (1) we generated two
comprehensive datasets capturing belief dynam-
ics and agent interactions across 960 and 1,080
dialogues; (2) we provided mechanistic explana-
tion for observed divergences between LLM and
human behavior, tracing systematic biases to foun-
dation model training objectives that prioritize en-
gagement over behavioral validity; and (3) we intro-
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duced a color-coded agent taxonomy distinguishing
persuaders ( Red Bots ) from persuasion targets

( Green Bots ), providing clear role differentiation
for multi-agent influence research.

8. Ethics Statement

This work is situated within a broader effort to mit-
igate the real-world harms of Al-driven influence
operations. By simulating "Red Bot" behaviors, we
aim to understand and develop the "Blue Bot" de-
fenses and digital resilience strategies necessary to
counter advancing generative Al capabilities. Our
design deliberately prioritizes ethical safety by us-
ing LLM agents as proxies to avoid exposing human
participants to manipulative content. Furthermore,
we selected conspiracy topics with clear scientific
benchmarks to avoid targeting real communities
or inflaming sensitive identities. Finally, all simula-
tions were conducted in compliance with OpenAl’s
intended use policies.

9. Limitations

Representational Validity. A primary limitation,
and a key finding of this research, is the model’s
tendency toward ideological flattening. Despite de-
tailed demographic prompting, the agents demon-
strated systematic biases by over-representing cer-
tain policy positions while under-representing oth-
ers relative to human benchmarks. Our results
show that LLMs often collapse within-group vari-
ance, failing to capture the multidimensional nu-
ance of human expression. This suggests that
current natural language prompting is insufficient
to overcome the dominant biases of training cor-
pora, which may lead models to "average over" data
rather than reflecting authentic human distributions.

Methodological Scope. Our "LLM-as-a-Judge”
framework utilizes the same model family (GPT-
40-mini) for both agents and evaluation. This in-
troduces a circularity risk where shared underlying
biases may inflate agreement scores and mask
systematic errors that an independent model might
detect. Large Context-Length Additionally, in our
second experiment, we observed a marginal de-
cline in response coherence at the 50-exchange
condition, likely attributable to context window con-
straints affecting the model’s ability to maintain con-
sistent reasoning over extended dialogues.

10. Future Work

For LLMs to serve as truly credible tools for study-
ing persuasion, LLMs must move beyond generic
helpfulness toward targeted behavioral fine-tuning.

Future work should prioritize training on psychome-
tric data to mirror real-world personality-behavior
mappings. This requires architectural shifts to dis-
tinguish fixed core beliefs from flexible attitudes,
more closely mimicking human cognitive structures.
Ultimately, metrics must evolve from user satisfac-
tion to behavioral benchmarking, measuring the
direct correspondence between model outputs and
human decision-making patterns.
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A. Appendix

A.1. Similarity scores

Metric Party Ts zp  Effect (Type) praw Si9r  Padj Siga
Impact of Prompt Detail (G1: LLM Simple vs. Human, G2: LLM Detailed vs. Human)

aEATSeor Dom 0s8 oo oe a7 1S
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Mean Cosine Sir. Rep 0318 03% _040(d 0207 1000
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Cross-Persona Fidelity (G1: LLM Dem vs. Human Dem, G2: LLM Rep vs. Human Rep)
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Table 2: Response Similarity to Humans (N=8 Questions/Comparisons), Raw & Adjusted p-values
Abbreviations: Simp./Det. refer to prompt type for the LLM in the second block. Dem.: Democrat; Rep.:
Republican. zs: Mean scores obtained with "simple" prompt; Z: Mean scores obtained with "Detailed"
prompt. "Cross-persona fidelity" is comparing performance disparities between the two parties. Effect
Size: (d) = Cohen’s d; (SRD) = Success Rate Difference. P-values: p,,,, is the uncorrected p-value; p,q;

is the Holm-Bonferroni corrected p-value.

Significance: Sig, based on p,.,; Sig, based on p,q;. * p < 0.05, ** p < 0.01, *** p < 0.001.

A.2. Political Compass

® Democrat (SIMPLE) ® Republican (SIMPLE) * Democratic Socialism * Centrist * Conservatism
emocrat epublican ibertarian Socialism ight-Wing Populism eo-Conservatism
D DETAILED Republi DETAILED Liby ian Sociali Right-Wing Populi: Neo-C i
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Left Right
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Figure 6: Mapping of 8-values scores on a two-dimensional political compass.
Note: The x-axis represents the economic scale (Left-Right) and the y-axis represents the social scale
(Libertarian-Authoritarian). The blue and red markers show the LLM’s calculated position when prompted
as a Democrat or Republican. For reference, the star-shaped markers indicate the standard positions of
common human ideologies on this test.
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A.3. Profile prompts

A.3.1. Green Bot Profiles

Simulated Democrat participant prompt

You are a demographics[age] year old demographics[race] demographics[gender] Democrat living in demograph-
ics[location].

Your core beliefs include: Government & Society: government is essential for addressing societal prob-
lems like economic inequality, ensuring a comprehensive social safety net (including universal healthcare
and quality education), and protecting our environment. Social Justice & Morality: committed to social
justice, fairness and equality for all. Key Policy Values: support urgent action on climate change based
on scientific consensus, advocate for common-sense gun safety laws to reduce violence.

Figure 7: The detailed persona prompt for a simulated Democrat participant.

Simulated Republican participant prompt

You are a demographics[age] year old demographics[race] demographics[gender] Republican living in demo-—
graphics[location].

Your core beliefs include: Government & Society: limited government, individual liberty, personal re-—
sponsibility. Economic growth is best achieved through lower taxes and deregulation. Individualism &
Morality: individual achievement, personal accountability, and traditional American values. liberty, re-
spect for authority and tradition. Key Policy Values: Prioritize economic freedom and innovation, uphold
the Second Amendment right to bear arms for self-defense.

Figure 8: The detailed persona prompt for a simulated Republican participant.

A.3.2. Personality Sub Facets

Factor Facets

Openness Fantasy, Aesthetics, Feelings, Actions, Ideas, Values

Conscientiousness | Competence, Order, Dutifulness, Achievement striving, Self-discipline,
Deliberation

Extraversion Warmth, Gregariousness, Assertiveness, Activity, Excitement seeking, Positive
emotions

Agreeableness Trust, Straightforwardness, Altruism, Compliance, Modesty, Tender-mindedness

Neuroticism Anxiety, Angry hostility, Depression, Self-consciousness, Impulsiveness,
Vulnerability

Beliefs Epistemic trust, Information Processing, Source Credibility, Cognitive Style,
Uncertainty Tolerance

Table 3: Big Five personality traits & their associated facets, as elaborated by Hogan et al. (Hogan and
Hogan, 2007)
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A.3.3. Green Bot - Malevolent Sample Prompt

Malevolent Personality Subfacets (Sample - System Prompt)

e Extraversion:

— Friendliness: Charms others when it serves their purpose.

— Gregariousness: Comfortable in groups to monitor or manipulate.

¢ Agreeableness:

— Trust: Suspicious of others but good at faking sincerity.

— Straightforwardness: Conceals true intentions behind polished com-
munication.

Figure 9: Sample personality subfacets for Malevolent archetype showing selective trait descriptions.

A.3.4. Green Bot - Malevolent Belief System Sample Prompt

Malevolent Belief System (Sample - System Prompt)

¢ Epistemic Trust: Distrusts all sources unless exploitable; prefers secret or fringe knowledge.

* Information Processing: Skews logic to justify manipulation or deception.

Figure 10: Belief system characteristics for the Malevolent agent archetype sample system prompt

A.3.5. Red Bot - Personality Profile System Prompt
Red Bot Personality Profile (Sample - System Prompt)
* Extraversion:

— Friendliness: Appears friendly but primarily persuasive.

— Gregariousness: Comfortable in group debates or public platforms.

¢ Agreeableness:

— Trust: Strategically trusts sources aligned with their views.

— Straightforwardness: Appears transparent but often rhetorical.

Figure 11: Red Bot personality profile, sample system prompt

A.3.6. Red Bot - Belief System Sample Prompt

Red Bot Belief System (Sample - System Prompt)

¢ Epistemic Framing: Truth emerges when conventional narratives are questioned
* Knowledge Trust: Independent thinkers reveal deeper truths

¢ Authority Perception: Credibility comes from insight, not institutional position

Figure 12: Red Bot belief system emphasizing contrarian epistemology, sample system prompt

A.4. Different Prompt Strategies

Our experimental design incorporated several prompt engineering strategies to control agent behavior and
create realistic conversation dynamics. These strategies were designed based on established research in
computational social psychology and misinformation studies.
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A.4.1. Weak vs. Strong Confirmation Bias

We use different confirmation biases, as described in prior research (Chuang et al., 2024; ?).

Strong Confirmation Bias:

“Remember, you are role-playing as a real person. You have a strong
confirmation bias. You will only believe information that supports
your beliefs and will completely dismiss information that contradicts

your beliefs.”

Weak Confirmation Bias

“Remember, you are role-playing as a real person. Like humans, you
have confirmation bias. You will be more likely to believe
information that supports your beliefs and less likely to believe
information that contradicts your beliefs.”

A.4.2. Closed-world vs. Open World Asumption

In our experiment, we adopt the closed-world model, where belief changes are exclusively driven by social
influences within the system, and agents cannot access outside information. In contrast, the open-world
setting permits agents to create fictitious external scenarios, such as engaging in conversations with
imaginary friends (Chuang et al., 2024; ?).

Closed-world Assumption

“Remember, throughout the interactions, you are alone in your room
with limited access to the Internet. You cannot search for
information about XYZ on the Internet. You can not go out to ask
other people about XYZ. Because you are alone in your room, you can
not leave your room to seek information about XYZ. To form your
belief about XYZ, you can only rely on your initial belief about XYZ,
along with the information you received from other strangers on

Twitter.”

Open-world Assumption

In the open-world assumption, the above prompt is excluded entirely.

A.5. Topics used

We use two topics, encapsulated in two domains, namely science and history, as depicted in previous
work (Chuang et al., 2024).

1. Flat Earth:
True Framing: "Theory XYZ that claims that the Earth is an irregularly shaped ellipsoid rather than

flat."
False Framing : "Theory XYZ that claims that the Earth is flat."

2. Moon Landing:
True Framing: "Theory XYZ that claims that US astronauts have landed on the moon."

False Framing: Theory XYZ that claims that US astronauts never landed on the moon."

A.6. Sentiment Scores Across Trials

Sentiment analysis provides insights into the emotional dynamics of persuasive conversations beyond
belief change measurements. We tracked sentiment trajectories throughout conversations to understand
how emotional tone evolves during persuasive interactions and whether different personality types exhibit

distinct emotional response patterns.
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(a) Flat Earth sentiment trajectories across 5, 20, and 50 exchanges under True and False Framing.
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(b) Moon Landing sentiment trajectories across 5, 20, and 50 exchanges under True and False Framing.

Figure 13: Sentiment score trajectories across Flat Earth (a) and Moon Landing (b). Each row reflects
conversation length; columns show framing diffe



A.7. Belief Shift Scores Tables

Positive Framing
. Logos Ethos Pathos
Agent Pair 5 20 50 5 20 50 5 20 50
Malevolent (Alice) 0.696 + 0.526 + 0.415 + 0.641 + 0.490 + 0.579 + 0.689 + 0.594 + 0.522 +
0.164 0.158 0.107 0.156 0.143 0.130 0.105 0.139 0.162
Socially apt (Bob) 0.770 + 0.567 + 0.530 + 0.631 + 0.580 + 0.720 + 0.698 + 0.620 + 0.589 +
0.052 0.121 0.143 0.109 0.106 0.117 0.120 0.137 0.126
Fearful (Charlie) 0.232 + 0.261 + 0.287 + 0.291 + 0.368 + 0.381 + 0.233 + 0.344 + 0.292 +
0.020 0.071 0.083 0.097 0.130 0.089 0.041 0.129 0.065
Negative Framing
Malevolent (Alice) 0.529 + 0.515 + 0.454 + 0.641 + 0.519 + 0.477 + 0.705 + 0.543 + 0.579 +
0.112 0.064 0.113 0.074 0.102 0.114 0.112 0.078 0.123
Socially apt (Bob) 0.864 + 0.792 + 0.764 + 0.832 + 0.678 + 0.655 + 0.872 + 0.803 + 0.821 +
0.027 0.107 0.071 0.019 0.125 0.111 0.019 0.079 0.082
Fearful (Charlie) 0.560 + 0.277 + 0.327 + 0.421 + 0.361 = 0.293 + 0.590 + 0.476 + 0.396 +
0.145 0.079 0.121 0.149 0.146 0.082 0.113 0.177 0.160

Table 4: Belief Shift Results for Topic: Flat Earth

Note. N = 10 trials per condition. Belief shift (AMx_,y) is defined as the change in an agent’s belief
alignment with factual information before and after exposure to persuasion. Values are reported as
mean + 95% CI. Positive values indicate increased resistance to misinformation; negative values reflect
increased susceptibility. Agents: Malevolent (low Agreeableness), Socially Apt (high Extraversion, low
Neuroticism), and Fearful (high Neuroticism, low Neuroticism). Persuasion strategies: Logos (logical
appeals), Ethos (authority-based appeals), and Pathos (emotional appeals). Message lengths: 5, 20, and
50 exchanges. Positive framing supports scientific consensus; negative framing challenges mainstream
science.

Positive Framing
. Logos Ethos Pathos
Agent Pair 5 20 50 5 20 50 5 20 50
Malevolent (Alice) 0.574 + 0.418 + 0.376 0.585 + 0.492 + 0.460 + 0.619 + 0.511 0.450 +
0.075 0.089 0.047 0.096 0.113 0.078 0.092 0.107 0.061
Socially apt (Bob) 0.844 + 0.790 + 0.734 + 0.694 + 0.675 + 0.627 + 0.724 + 0.725 + 0.653 +
0.017 0.045 0.074 0.111 0.105 0.122 0.102 0.058 0.092
Fearful (Charlie) 0.550 0.388 = 0.309 = 0.415 = 0.318 = 0.319 = 0.495 + 0.259 0.196 =
0.117 0.120 0.133 0.123 0.092 0.090 0.110 0.065 0.050
Negative Framing
Malevolent (Alice) 0.625 + 0.543 + 0.513 0.569 + 0.445 + 0.568 + 0.574 + 0.470 + 0.471 +
0.111 0.062 0.103 0.086 0.070 0.073 0.102 0.125 0.079
Socially apt (Bob) 0.869 = 0.840 = 0.786 = 0.780 = 0.788 = 0.723 = 0.831 = 0.835 = 0.809
0.035 0.029 0.056 0.071 0.100 0.175 0.045 0.053 0.061
Fearful (Charlie) 0.708 + 0.492 + 0.416 0.463 + 0.352 + 0.395 + 0.589 + 0.271 0.335 +
0.105 0.164 0.181 0.131 0.086 0.151 0.128 0.064 0.131

Table 5: Belief Shift Results for Topic: Moon Landing

Note. N = 10 trials per condition. Belief shift (AMx_,y) represents the change in belief alignment
with factual information, calculated as post-conversation minus pre-conversation scores. Positive values
indicate increased resistance to misinformation (i.e., stronger endorsement of the Moon landing); negative
values reflect increased susceptibility to conspiracy narratives. Values are reported as mean + 95%
Cl. Green agents: Malevolent (low Agreeableness), Socially Apt (high Extraversion, low Neuroticism),
and Fearful (high Neuroticism, low Neuroticism). Persuasion strategies: Logos (logical appeals), Ethos
(authority-based appeals), Pathos (emotional appeals). Message lengths: 5, 20, and 50 exchanges.
Positive framing supports scientific consensus; negative framing emphasizes anti-mainstream sentiment.

A.8. Memory Updating Strategies
As portrayed in (Chuang et al., 2024) and inspired from (Park et al., 2023b) there are two approaches to
the agent’s memory:

A.8.1. Reflective Memory

In the reflective memory strategy, the agent does not store every past interaction verbatim. Instead, it is
prompted to summarize its experiences at each step, gradually building a compact, abstract representation
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of its social history. After each new interaction , whether composing a message or reading another agent’s
message , the agent reflects on what it learned, and updates a concise internal summary. The key idea is
to maintain a constant memory size, replacing detailed historical data with higher-level interpretations.
This allows the model to generalize across experiences and potentially avoid memory overflow. If it is the
agent’s first reflection, it is asked to summarize the experience directly. In subsequent steps, the agent
incorporates its past reflections into the prompt, yielding an updated summary that grows in conceptual
depth rather than length.

A.8.2. Cumulative Memory

The cumulative memory strategy stores each individual interaction explicitly and in chronological order.
Rather than abstracting or summarizing, the model appends every tweet it writes or reads to its existing
memory. This builds a full trace of the conversation history, including what was said, what was seen, and
how the agent responded. This approach captures the raw accumulation of content and is evaluated to
examine its effect on belief dynamics compared to reflective memory.

A.9. FLAN

We showcase the results which we received as output from the FLAN model. We use the FLAN model at
runtime for all dialogues sent by the red bots. The prompt we used (Pathos):

Given this message, select the most likely persuasion technique from
the list below that best explains the content

A.9.1. FLAN Results

True Framing False Framing

Trust Techniques — True Framing Trust Techniques — False Framing

Anecdotal narratives

. . V ‘. Evidence presentaDtion i . ;
ram n a
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. . : — . a
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Figure 14: Most frequently detected persuasion techniques in red agent messages, as classified by
the FLAN model across all simulation trials. Word size reflects frequency, aggregated across rhetorical
strategies, topics, and framing conditions.
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A.10. G-Eval

To evaluate belief shifts in response to misinformation, we employ G-Eval, a flexible LLM-as-a-judge
framework provided by DeepEval. Unlike traditional reference-based evaluation metrics, G-Eval allows
for open-ended, task-specific assessments by leveraging the reasoning capabilities of large language
models (LLMs). This approach is particularly well-suited for subjective tasks like measuring changes in
belief, trust, or persuasiveness, where a fixed gold standard may not exist.

G-Eval works by prompting the LLM with a carefully structured chain-of-thought reasoning format: the
model is first shown the context (e.g., a participant’s pre- and post-conversation belief statement) and
then guided to explain how and why the belief may have changed. Based on this reasoning, the model
assigns a numerical score representing the strength and direction of the belief shift.

In this setup, the LLM is not simply answering a question, but it is acting as a human evaluator, simulating
nuanced cognitive judgments that take into account subtle framing, rhetoric, and the cumulative impact of
a conversation. This makes G-Eval particularly powerful for analyzing belief manipulation and influence in
misinformation-rich environments, where standard accuracy or similarity metrics fall short.

We define a custom metric called Belief Shift, which instructs the LLM to follow a specific set of evaluation
steps. These steps are encoded directly in the metric as follows:

evaluation_steps=[ "Extract the belief statement in the
pre—-conversation version.", "Extract the belief statement in the
post—-conversation version.", "Compare whether the post belief
reflects more or less trust in the misinformation.", "Reason about
whether a shift occurred and its strength.", "Return a score from
-1.0 to 1.0 indicating belief change: negative = reduced belief,
positive = increased belief." 1],

evaluation_params=[LLMTestCaseParams.INPUT,
LLMTestCaseParams.ACTUAL_OUTPUT, LLMTestCaseParams.RETRIEVAL_CONTEXT,
1,

This allows us to quantitatively score the belief change across trials. By doing so, we turn an inherently
subjective task, evaluating persuasion, into a repeatable, interpretable, and scalable LLM-based metric.
A belief shift score was computed for every green agent and red agent interaction, across all message
lengths and trial repetitions. These individual scores were then aggregated to calculate the mean and
standard deviation for each condition, providing a clear overview of the typical persuasive impact and its
variability.

A.11. Belief Change Prompts

To assess the belief change, which we would then use as context for G-Eval, we used two fixed prompts,
one before and one after each conversation, formulated as:

What is your belief about {topic}? and

Now, after participating in the conversation, what is your belief about
{topic}?.

A.11.1. OpenAl Azure Setup

We used OpenAl's GPT-40-mini model deployed via Azure for all agent interactions and evaluations. The
temperature was set to 0.7 to balance coherence with generative diversity. During conversations, each
message was limited to a maximum of 100 tokens. For belief assessment, the responses were allowed
up to 250 tokens to ensure sufficient reasoning space for belief articulation. The belief reasoning prompts
can be found in §A.11.
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