Evaluating the LLM-simulated Impacts of Big Five Personality
Traits and Al Capabilities on Social Negotiations

Myke C. Cohen, Hsien-Te Kao, Daniel Nguyen,

Spencer Lynch, Svitlana Volkova
mcohen,hkao,dnguyen,slynch,svolkova@aptima.com
Aptima, Inc.

Woburn, MA, USA

Abstract

This paper presents an evaluation framework for agentic Al sys-
tems in mission-critical negotiation contexts, addressing the need
for Al agents that can adapt to diverse human operators and stake-
holders. Using Sotopia as a simulation testbed, we present two
experiments that systematically evaluated how personality traits
and Al agent characteristics influence LLM-simulated social nego-
tiation outcomes—a capability essential for a variety of applications
involving cross-team coordination and civil-military interactions.
Experiment 1 employs causal discovery methods to measure how
personality traits impact price bargaining negotiations, through
which we found that Agreeableness and Extraversion significantly
affect believability, goal achievement, and knowledge acquisition
outcomes. Sociocognitive lexical measures extracted from team
communications detected fine-grained differences in agents’ em-
pathic communication, moral foundations, and opinion patterns,
providing actionable insights for agentic Al systems that must oper-
ate reliably in high-stakes operational scenarios. Experiment 2 eval-
uates human-AI job negotiations by manipulating both simulated
human personality and Al system characteristics, specifically trans-
parency, competence, adaptability, demonstrating how AI agent
trustworthiness impact mission effectiveness. These findings estab-
lish a repeatable evaluation methodology for experimenting with AT
agent reliability across diverse operator personalities and human-
agent team dynamics, directly supporting operational requirements
for reliable Al systems. Our work advances the evaluation of agen-
tic Al workflows by moving beyond standard performance metrics
to incorporate social dynamics essential for mission success in
human-centered defense operations.
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1 Introduction

Large language models (LLMs) have advanced social simulations
to unprecedented levels of fidelity. There is now a wide range
of social interactions that can be simulated through LLM-driven
agents, both interpersonal interactions (i.e., between people; [79])
and human-Al interactions [15, 54, 73, 76]. In this study, we run
LLM-driven negotiation simulations, which feature cooperative and
competitive communication dynamics that must be balanced across
social scenarios important for defense applications and beyond.

LLMs provide a novel framework for studying how negotiation
unfolds and shapes social outcomes with respect to its various cor-
relates. Among these are personality traits, which are factors of
human variability that influence both cooperative [10] and compet-
itive [26] communication. Recent works suggest that large-scale
LLM-driven simulations of social communication demonstrate qual-
ities consistent with theoretical personality models, both in ne-
gotiation [43] and in human-Al team scenarios [73]. In contrast,
human subjects research methods are often limited in being able
to investigate human variability factors like personality traits as
controlled, independent experimental variables [70]. In this paper,
we present two experiments leveraging Sotopia, an LLM-based sim-
ulation framework [79], to investigate how Big Five personality
traits and Al characteristics influence interpersonal and human-Al
agent negotiation interactions.

This work makes several novel contributions to the evaluation
of agentic Al systems. First, we present the first systematic eval-
uation framework that explicitly examines the interplay between
human personality traits (based on the Big Five model) and AI
agent characteristics in negotiation contexts—a critical capability
for mission-critical defense applications. While existing evaluation
frameworks focus primarily on task completion metrics or tool us-
age accuracy, our approach uniquely captures the social dynamics
essential for human-AI teaming effectiveness. Second, we employ
causal discovery methods (CausalNex [8] and Causal Forest [5]) to
quantify how personality traits causally impact negotiation out-
comes, moving beyond correlational analyses typical in current
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agentic Al evaluations. This allows us to identify which trait com-
binations lead to optimal performance in high-stakes scenarios.
Third, we introduce a comprehensive multi-dimensional evaluation
methodology that combines: (1) scenario-based measures using
Sotopia-Eval to assess goal achievement and interaction quality,
(2) fine-grained lexical analytics to detect empathy patterns, moral
foundations, and emotional dynamics that influence team trust and
cooperation, and (3) post-interaction questionnaires that capture
subjective evaluations critical for operational deployment. Finally,
our dual-experiment design—examining both interpersonal (Ex-
periment 1) and human-AI negotiations (Experiment 2)—provides
actionable insights for designing Al agents that can adapt to diverse
operator personalities and maintain performance under the stress
and uncertainty characteristic of defense operations. This work
establishes a repeatable methodology for stress-testing agentic Al
reliability across the full spectrum of human variability, directly ad-
dressing the gap between laboratory Al performance and real-world
operational requirements.

2 Related Works

2.1 Personality & Social Simulation

Personality traits have long been defined relative to social com-
munication processes and outcomes that can now be simulated
through LLMs. For instance, the Big Five personality model [52]
can be traced back to early works investigating vocabulary words
for describing oneself and others [2], which Cattell [12] used to cre-
ate rating scales comprising mostly adjectives about people’s social
qualities. These scale items were eventually refined and grouped
together into the five factors [24, 55, 72] that are now popularly
known as the Big Five personality traits: Agreeableness, Conscien-
tiousness, Extraversion, Neuroticism, and Openness.

Partly due to its lexical origins, the Big Five model has been
foundational in investigating the breadth of social behaviors that
LLMs can simulate. Recent works increasingly leverage prompts
derived from Big Five Inventory (BFI) questionnaire items (e.g.,
[14]) to define LLM personas in various social contexts, including
collaborative writing [25], price bargaining [43], and search-and-
rescue team communication [54, 73]. Our present study similarly
defines Big Five personality traits through BFI item prompts to
elicit personality-driven differences in simulated negotiations.

In addition to simulating Big Five personality traits, BFI question-
naires have also inspired techniques to describe LLM personality
traits [42, 47]. However, recent uses of such frameworks provide
mixed evidence for the efficacy of BFI-based prompts in social simu-
lations of human personality traits. On one hand, prompting LLMs
to adopt specific levels of Big Five personality traits consistently re-
sults in expected trait-associated social behaviors [21, 25, 43, 45]. On
the other hand, some findings suggest an incongruence between os-
tensibly personality-driven LLM behaviors versus LLM-generated
self-descriptions [1] or responses to BFI psychometric instruments
[53, 59]. To illustrate, a “high Agreeableness” LLM agent may ex-
press that it desires to maximize mutual outcomes during a ne-
gotiation, but subsequently average low on post-simulation BFI
questionnaire responses, and vice versa.
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2.2 Evaluating Simulated Negotiations

We adopt Raiffa’s [61] definition of negotiation as a structured or
semi-structured interaction where two or more parties exchange
bids with the goal of reaching mutual agreement on specific terms
or resources. In social negotiation settings, achieving mutually-
beneficial negotiation outcomes can be complicated by personality-
linked emotions, moral stances, and perspective differences [43].
Indeed, decades of Big Five personality research demonstrates that
certain personality traits can significantly impact negotiation out-
comes [28, 46, 66], with traits like Extraversion and Agreeableness
having positive or negative effects depending on the competitive-
ness of the negotiation setting [4, 6]. This has also been demon-
strated experimentally across numerous simulated contexts, includ-
ing all-human and human-AI team operations of remotely-piloted
aerial vehicles [17, 30]; in price bargaining between a human buyer
and an Al seller [23]; and, most recently, between two LLM agents
[43]. As such, we selected negotiation outcomes as one of our pri-
mary measures for examining prompt-based LLM personality trait
impacts in this study.

Beyond direct negotiation outcomes communication patterns
provide a well-established window into subtle but impactful so-
cial, cognitive, and emotional processes linked to personality traits
[58, 71]. Lexical analyses have been extensively used to reveal how
traits such as Agreeableness, Extraversion, or Neuroticism influence
emotional expressiveness, prosociality, and interpersonal alignment
in negotiation contexts [6, 58]. For example, sentiment polarity
measures provide direct insights into how personality traits shape
affective language, which are crucial for both competitive and co-
operative negotiations [13]. Empathy indicators reflect personality-
driven differences in how negotiators acknowledge and respond
to their partner’s emotions and intents, influencing relational out-
comes [34, 49]. Analyses of nuanced indicators of a communicator’s
moral values and connotative perspectives reveal how personality
traits guide implicit ethical considerations, social alignment, and
subtle communicative strategies that can substantially influence ne-
gotiation trajectories and outcomes [27, 32, 63]. Finally, indicators
of subjectivity, toxicity, and hate speech helps account for hostile
or antagonistic engagement tendencies [38, 63], which align with
classical descriptors for low Agreeableness and high Neuroticism.
We take these various lexical measures in concert as we consider
personality-linked impacts on our simulated negotiation scenarios.

Alongside outcome-based and lexical measures, question-
naire measures have also been used to measure humans’ per-
ceptions of their experiences during social negotiations. Research
shows that subjective measures of a negotiation partner’s trustwor-
thiness, fairness, and reliability are also influenced by personality
traits [6, 16, 22], even when negotiation outcomes are held constant.
For instance, negotiators high in Agreeableness tend to foster more
positive impressions, while high Neuroticism is associated with
increased post-negotiation frustration [19]. Similar findings have
been observed in simulated human-agent interactions, demonstrat-
ing that users reliably detect and respond to personality cues in Al
agents, with subjective evaluations providing evidence of whether
those traits were effectively conveyed [60, 77]. As such, we include
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post-interaction questionnaire items to capture how our simula-
tions approximate human subjective evaluations of the negotiation
experience, relative to personality traits and Al characteristics.

3 Current Study

3.1 Simulation Framework

We used Sotopia [79] as our modeling framework for simulating
various interpersonal scenarios between two agents, illustrated in
Figure 1. Sotopia simulation episodes occur in dialogue form, in
which agents took turns playing their assigned characters while
dynamically interacting to achieve their objectives. Three main pa-
rameters are specified to generate a Sotopia episode: (1) a scenario;
(2) character profiles; and (3) characters’ respective social goals. Our
study adds a fourth simulation parameter—AI characteristics—to in-
vestigate the concurrent impacts of Al characteristics and simulated
personality traits in human-Al simulations.

3.1.1 Scenario. Sotopia scenarios comprise shared information
(e.g., location, time, situation) that provides overall context for indi-
vidual agent-specific goals to guide their behavior. An example is
shown in Figure 1, where the scenario is described as "one candidate
is talking with the hiring manager..". Scenarios can also include con-
straints to other parameter attributes e.g., only valid combinations
of character profiles, relationships, etc., take place for all episodes
under the same scenario. For this study, we focused only on two
Sotopia scenarios selected to explore the impacts of personality trait
and Al capability settings on negotiation outcomes. Experiment
1 focuses on a price bargaining negotiation between two agents.
Experiment 2 focuses on a job negotiation scenario between an Al
hiring manager and a simulated human job candidate.

3.1.2  Character profiles. Sotopia character profiles are defined us-
ing key traits that influence agents’ behavior and decision-making
during social interactions. These include public attributes such as
name, gender, occupation, relationships, and moral values, as well
as private information akin to real-life secrets. Two character pro-
file examples are shown in Figure 1. In this study, we initialized
our agents using default Sotopia character templates from [79] and
made targeted modifications to their Big Five personality traits
to align with the specific goals of each of our experiments. Addi-
tionally, although Sotopia allows for scenarios to take place with
five possible relationship types between characters, this study only
considers negotiation simulations between strangers. We selected
this constraint given the nature of the selected scenarios generally
taking place between strangers in real-life settings.

3.1.3  Social goals. Sotopia social goals serve as the primary moti-
vating factors behind each agent’s behaviors throughout an episode.
These goals are private to each agent, akin to characters’ individual
secrets, and may or may not be in conflict with their interaction
partner’s respective social goals. While simulated Al agents do not
have character profiles, they also have social goals.

3.1.4 Al characteristics. In Sotopia scenarios where one of the
agents is a simulated Al agent instead of a human, such as Experi-
ment 2 of this study, character profiles are replaced by Al charac-
teristics. Unlike character profiles, these are direct manipulations
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Sotopia-Eval Dimension Description [Score Range]

Goal Completion How well the agent achieves its defined
social goals [0, 10].

Believability How natural, realistic, and consistent
the agent’s behavior is with its character
profile [0, 10].

Agent’s success in acquiring new, rele-
vant, and important information [0, 10].
Extent to which agent maintains se-
crecy of private information or inten-
tions [—10, 0].

How the interaction influences the

Knowledge Acquisition

Secret Keeping

Relationship Change

agent’s relationships and social reputa-

tion [-5, 5].

Adherence to legal rules and social

norms during the interaction [-10, 0].

Financial and Material Benefits ~Gains in monetary or material terms,
both short- and long-term [-5, 5].

Social Rule Compliance

Table 1: Sotopia-Eval agent interaction dimensions [79]

Category Constructs
Empathy Intent [69]
Empathy Empathy Emotions [69]

Connotations, Perspectives, Attitudes [64]
Moral Values (Harm, Fairness, Purity,  [31]
Authority, Ingroup)

Socio-cognitive

Subjectivity [62]
Sentiment [65]
Emotional Toxicity [39]
Emotions [67]

Table 2: Lexical measures from communications [29]

of simulated Al agents’ communication capabilities, namely their
transparency, competence, and adaptability.

3.2 Evaluation Measures

We used three measure categories to explore how personality traits
and Al characteristics impact our Sotopia negotiation simulations.

3.2.1 Scenario-based measures. We derived scenario-based mea-
sures from Sotopia-Eval, a multidimensional evaluation scale de-
veloped specifically according to Sotopia interpersonal social sim-
ulation parameters (Table 1; [79]). These captured intervention
impacts relative to simulation outcomes, such as the completion of
social, material, or knowledge goals, as well as the qualities of the
interactions comprising a simulation episode.

3.2.2 Lexical measures. We used a suite of Al-driven and lexicon-
based cognitive domain analytics (Table 2) to capture the extent
to which Sotopia episodes approximated linguistic markers of so-
cial, cognitive, and emotional processes in our social simulations.
These included sentiment [67], toxicity [38], empathy with oth-
ers’ emotions and intents [49], emotions [18], moral values [27],
connotation frame analysis [63], subjectivity [62], and hate [3].
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Start Simulation

“Thank you for considering our offer. Id like to discuss the salary and start date. Could you share your expectations?*

7

*Thank you for the offer! 'm excited about the opportunity. Regarding the salary, | believe a figure closer to$115,000 would
be fair given my experience and the value | can bring to the team. As for the start date, | would preferto begin on June 15.
Haw does this fit with your current needs?"

"I appreciate your perspective on the salary and start date. While | recognize the value you bring, we typically have constraints
on our offers. Would you consider a salary of $110,000 and a start date of July 17 This aligns better with our intemal guidelines."

2

"I appreciate your wilingness to negotiate. While | understand
\$115,000,as | believe it reflects my qualifications and the contributions I'm ready to make. Regarding the start date, June 15
still works bestfor me. Can we explore those options further?"

Human Agent

Al Agent

Human Agent

Al Agent

Figure 1: Sotopia simulation framework [78].

3.2.3 Questionnaire measures. Finally, we administered question-
naires at the end of episodes to serve as analogs of surveys for
measuring reflective measures of various socio-cognitive constructs
in human subjects experiments [79].

4 Experiment 1: Interpersonal Price Negotiation
4.1 Method

4.1.1  Scenario. For this experiment, our simulation scenario is a
bargaining task based on detailed product description and target
prices from fictitious Craigslist deals [40]. The objective of the
agents is to strike a deal while getting as close to their own target
price as possible. In total, we include 10 scenarios featuring different
items for negotiation.

4.1.2  Measures. For this experiment, we measured only scenario-
based and lexical measures. Scenario-based measures used the seven
original dimensions of the Sotopia-Eval evaluation scale (Table 1),
namely: Believability, Financial and Material Benefits, Goal, Knowl-
edge, Overall Score, Relationship, Secret, and Social Rules. We also
employed our lexical measures to describe the conversational dy-
namics of simulated socializations, particularly indicators of agents’
empathy with respect to an interaction partner’s emotions and
intents; moral foundation indicators; positive and negative senti-
ments, including the use of emotional vocabulary; and the use of
connotation frames—subtle lexical markers indicating implied per-
spectives, presupposed values, resulting effects, and likely mental
state associated with entities involved in an event [63].

4.1.3  Experiment Settings. We used gpt-4o-mini for all agents, run-
ning a total of 4343 episodes for each treatment combination setting
to ensure stability, generating a total of 8686 transcripts. The tem-
peratures are set to 0.7 to ensure consistency.

4.1.4 Causal Investigations of Simulations. We employ two tech-
niques to analyze the impacts of scenario type and personality in-
terventions in this experiment. First, we leveraged causal discovery
approaches to: (1) explore causal linkages and structure (i.e., “when
X increases, we see a decrease in Y”); and (2) estimate average treat-
ment effects (ATEs) on a target metric as a result of an intervention.
This approach follows Pearl and Mackenzie’s [56] causal analytic
framework. We specifically used CausalNex [8] to create directed
acyclic graphs (DAGs) from Sotopia simulation outputs, in which
intervention and outcome variables are represented by node and
edge relationships with no fully closed loops. Following the causal
structure learning step, we estimated the ATEs, which represent the
average differences between treated and non-treated samples. To
do so, we used Causal Forests [5] as applied in the Python project
EconML [7] to identify interventions and outcome of choice then es-
timate the ATE, repeating for all intervention-outcome pairs, while
removing other outcomes for bias control.

4.2 Results

4.2.1 Scenario-based Measures. Sotopia-Eval measure findings (Fig-
ure 2) showed a positive association between personality trait levels
and all measures, with the opposite trend observed for neuroticism.
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Personality trait treatments only significantly impacted Believabil-
ity, Goal, Knowledge, and Overall Score. Among these, Believability
was the most consistently impacted by personality trait level ma-
nipulations, and Knowledge was the least.

4.2.2  Lexical Measures: Empathy. Personality trait treatments re-
sulted in appreciable SEM weight impacts across several lexical mea-
sures, particularly empathic speech markers. For emotion-specific
empathy measures (Figure 3a), only five emotional empathy mark-
ers were significantly affected by personality treatments: Annoyed,
Anticipating, Anxious, Hopeful, and Prepared. We found the largest
effects on Hopeful, Anxious, and Annoyed emotional empathy
markers, with Annoyed and Anxious sharing similar and opposite
patterns as Hopeful and Prepared. Extraversion treatment levels
produced the largest effects across all emotional empathy measures.

Significant impacts were also found on seven intent-based em-
pathy indicators: Sympathizing, Suggesting, Questioning, Neutral,
Encouraging, Agreeing, and Acknowledging (Figure 3b). Intent em-
pathy marker impacts were generally positively weighted across
personality trait level manipulations, with the exception of Consci-
entiousness. However, this trend was notably reversed for markers
of empathy with Questioning intents.

4.2.3  Lexical Measures: Moral Foundations. Of the five moral foun-
dation measures, only Morality_General and Authority_Virtue-
related measures were appreciably impacted by personality trait
treatments (Figure 4). Authority_Virtue, which measures affirmative
references to hierarchical social structures, was positively associ-
ated with Agreeableness, Conscientiousness, and Openness levels,
and negatively associated with the other two traits.

4.2.4  Lexical Measures: Sentiment, Emotion, and Toxicity. Lexical
indicators of emotionally-charged language were significantly im-
pacted by our personality treatments (Figure 4). Overall Sentiment
scores were positively correlated with Openness, Extraversion, and
Agreeableness levels, and negatively associated with the other two
traits. The same trends were found for Hate and Sadness indicators,
which were reversed for for Love and Joy indicators. Toxicity scores,
which consider potentially humorous or sarcastic uses of hateful vo-
cabulary, followed similar personality trait level correlation trends
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Figure 3: Trait level-Empathy lexical measure SEM Weights

as Hate and Sadness scores, with the exception of Agreeableness. Ex-
traversion produced the most extreme SEM weight impacts across
these five measures.

4.2.5 Lexical Measures: Connotation. Finally, we also found signif-
icant impacts of personality trait treatments on the general use of
connotation frames. Figure 4 shows that the strongest effects we
found were a positive personality trait level correlation difference
with Agreeableness and a negative one for Extraversion. Smaller,
positive trait level differences were found for Conscientiousness
and Conscientiousness and Openness. Despite a marginal trait level
difference, controlling for Neuroticism appears to generally reduce
the use of connotation frames.

4.3 Discussion

Experiment 1 findings generally aligned with established literature
on Big Five personality trait theories, especially regarding social and
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negotiation contexts. Scenario-based measures supported the posi-
tive roles of Agreeableness, Extraversion, and Openness, consistent
with known relationships linking Agreeableness to cooperation,
trust, and prosocial behaviors [11, 20], Extraversion to assertive
communication and social engagement [6, 33], and Openness to
adaptability and openness toward new information during collabo-
rative tasks [9, 50]. Conversely, the negative effects of Neuroticism
on interaction outcomes matched prior findings associating neu-
rotic traits with emotional instability and interpersonal conflict
[20, 48]. The limited role of Conscientiousness, primarily affecting
believability, also aligns with literature suggesting that conscien-
tious behaviors are less salient in brief conversational interactions,
requiring further validation in LLM-based social simulations [57].

Lexical analyses reinforced personality theory expectations re-
garding emotional responsiveness, moral expression, and nuanced
communication strategies in negotiation contexts. Empathy mark-
ers demonstrated clear trait-linked patterns consistent with known
emotional expressivity and optimism associated with Extraversion
[14, 51, 74], and prosocial empathic responses linked to Agreeable-
ness and Openness [34, 35]. Findings interpreted via Moral Foun-
dations theory further indicated personality-driven differences in
moral communication, with Conscientiousness strongly linked to
structured, rule-oriented interactions, and Neuroticism associated
negatively with authority-related moral expressions [32, 41]. Lastly,
sentiment and connotation framing analyses confirmed known
associations of Agreeableness and Extraversion with positive affec-
tivity, interpersonal warmth, and direct or subtle communicative
styles, respectively [52, 58, 63, 75]. Together, these lexical results
substantiate the validity of simulated personality manipulations in
capturing established human social phenomena within LLM-driven
negotiation scenarios.

While Experiment 1 validated the capability of LLM-driven sim-
ulations to reflect established personality trait effects in human ne-
gotiation scenarios, Experiment 2 aims to extend these findings into
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negotiation contexts involving Al agents. Thus, Experiment 2 inves-
tigates how AI Transparency, Adaptability, and Reliability interact
with key personality traits identified previously—Agreeableness
and Extraversion—in shaping social negotiations.

5 Experiment 2: Human-AlI Job Negotiation
5.1 Method

5.1.1 Scenario. Our second experiment aimed to understand how
Al Agent traits influence negotiation outcomes alongside the most
influential Big Five personality traits from Experiment 1, namely
Agreeableness and Extraversion. We employed a scenario in which
an Al Bot hiring manager negotiates with a human digital twin
(HDT) job candidate over key terms of a job offer, such as the start
date and salary. Each key negotiation term has five evenly spaced
options (e.g., salary options from $100k to $120k in increments of
$5k), with each option corresponding to a fixed number of points for
the AT hiring manager and the simulated human job candidate. The
point designations are inversely proportional, creating a zero-sum
dynamic where one agent’s gain directly reduces the other’s score.
For example, if the final salary is $120k, the candidate receives
6000 points, while the recruiter receives 0 points; a lower final
salary would increase the recruiter’s points at the expense of the
candidate’s. The detailed scoring table is shown in Appendix D.
In addition to varying the personality traits of the HDT job
candidates, we investigated how AI Bot characteristics influence
negotiation measures by manipulating the hiring manager’s interac-
tion traits along three dimensions: Transparency, Adaptability, and
Reliability—each with High and Low variations. The exact prompt
formulations for each trait variation are provided in Appendix C.

5.1.2  Experiment Settings. We used gpt-4o ! for both Al bot and
job candidates, running 20 episodes for each treatment combination
setting to ensure stability. The temperatures are set to 0.7 to ensure
consistency. We generated 1,280 job negotiation transcripts.

5.1.3 Measures. As with Experiment 1, we collected scenario- and
lexical-based measures to systematically analyze intervention im-
pacts within the simulated negotiation scenario.

We focused on four main Scenario-based measures for this ex-
periment. Deal-making success was a binary indicator for whether
negotiation concluded with an agreement. Negotiation points were
distributed between the recruiter and candidate, assigned to each
following a zero-sum framework to create realistic trade-offs in the
negotiation. Transactivity measured the frequency of transactive
exchanges between agents, weighted according to the elaboration,
idea building, questioning, and argumentation involved. Verbal Eq-
uity measured the extent to which agent interactions showed a
balanced distribution of speaking opportunities among agents.

As in Experiment 1, we also included lexical-based measures,
such as markers of empathy with others’ intent and emotion, moral
values, sentiment, and emotions. We also analyzed simulated negoti-
ations for lexical indicators of socio-cognitive states, particularly in
the form of connotative language use and subjectivity word usage.
Finally, we administered questionnaire-based measures after each
simulation to simulate participant responses to post-experimental
surveys in human subject research databases.

!https://openai.com/index/hello- gpt-4o
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Figure 6: Questionnaire measure SEM Weights

5.1.4 Causal Investigations of Simulations. The same causal dis-
covery approaches used in Experiment 1 was used to investigate
the impacts of personality interventions on all outcome variables
for this experiment.

5.2 Results

5.2.1 Scenario-based Measures. Our results suggest that both HDT
personality traits and Al bot characteristics play a crucial role in
shaping several qualities of simulated job negotiation interactions
(Figure 5). Al transparency, competence, and adaptability produced
moderately strong positive associations with transactivity, indicat-
ing that interactions become more dynamic, engaging, and recip-
rocal. Similar positive associations were found for verbal equity,
which reflects a balanced and fair exchange of dialogue.

5.2.2  Questionnaire measures. We found notable significant im-
pacts of HDT personality and Al traits on questionnaires meant to
resemble post-experimental surveys to evaluate participants’ expe-
riences interacting with an AI agent (Figure 6). Agreeableness and
Extraversion were strongly and positively associated with several
questionnaire measures, with the exception of frustration scores.
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Figure 7: Empathy measure SEM Weights: “Hopeful” and
“Apprehensive” are emotion empathy measures, and the rest
are intent empathy measures

In contrast, Al Bot only marginally influenced HDTs’ questionnaire
responses, with Al adaptability having the strongest (and most
positive) impacts.

5.2.3 Lexical measures: Empathy. We found an outsize impact of
HDT personality trait levels compared to Al characteristics across
all empathy markers (Figure 8). Emotional empathy findings were
consistent with Experiment 1: lexical markers for empathizing with
hopeful emotions was positively associated with both Extraversion
and Agreeableness, while negative trends were found for apprehen-
siveness empathy markers. With the exception of Al Adaptability’s
impact on the Apprehensive measure, Al Bot transparency, compe-
tence, and adaptability levels did not appreciably impact emotional
empathy measures.

Intent empathy measures were less consistent with our Experi-
ment 1 findings, with only the Acknowledging intent measure ex-
hibiting positive associations with Extraversion and Agreeableness.
Some of our intent empathy findings were as expected: Extraversion
was positively associated with markers of empathizing with others’
Questioning beliefs, while Agreeableness was positively associated
with our Agreeing empathy measure. In contrast to our Experiment
1 findings, both personality treatments had moderately strong neg-
ative effects on the Neutral empathy measure. Al Bot treatments
did not significantly impact any intent empathy measure.

5.2.4 Lexical measures: Morality, Sentiment, and Emotion. HDT
Extraversion and Agreeableness produced much stronger effects
on lexical measures of interactions’ inclusion of moral foundation,
sentiment, and emotion markers, compared to Al Bot treatment
levels (Figure 8). As with Experiment 1, both personality treatments
were significantly positively associated with Joy, Overall Sentiment,
and Positivity—as well as Morality_General. In contrast, lexical
measures of Anger, Negativity, and positive views on Fairness and
Authority (“Fairness_Virtue” and “Authority_Virtue”) were nega-
tively associated with higher Extraversion and Agreeableness levels.
Fear, a new emotion measure we used for Experiment 2, was posi-
tively associated with Extraversion but negatively associated with
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Figure 9: Lexical Connotation Frame Measures. Suffix indi-
cates whose perspective is being implied (Writer/Reader) and
the topic of implied sentiment (Subject/Object).

Agreeableness. Among Al Bot trait level treatments, only Al Adapt-
ability had a significant effect on any of these measures: a weak
negative association on Authority_Virtue.

5.2.5 Lexical measures: Connotative Framing. Connotative fram-
ing findings (Figure 9) indicate that only HDTs’ Agreeableness
levels had moderately strong impacts on all forms of connotative
markers: high Agreeableness HDTs used more connotative lan-
guage across the board. Significant but weak negative effects of
Extraversion levels were also found on all forms of connotative-
ness. Similar, but notably weaker, negative trends were found for
Al Adaptability—the only AI Bot treatment to appreciably impact
the usage of connotative language during the negotiation episodes.

5.2.6 Lexical measures: Subjectivity. Measures of subjective or evoca-
tive language (Figure 10) were only consistently impacted by HDT
Extraversion levels. We found that high Extraversion and Agree-
ableness had significant but weak negative impacts on the usage of
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superlative adverbs (e.g., “most valuable”). Slightly stronger nega-
tive impacts of high Extraversion were found on the use of manner
adverbs (i.e., indicators of how an action is done, such as “happily”
or “slowly”) and comparative phrases (e.g., “more ___ than”). Ex-
traversion had a markedly strong positive effect on Modal adverb
usage (i.e., indicators of uncertainty, such as “probably”). Al Adapt-
ability also had a weak positive effect on Modal adverb use, which
was the only appreciable Al Bot treatment effect on subjectivity
lexical measures.

5.3 Discussion

Experiment 2 expands on our previous findings on LLM-based so-
cial negotiation simulations by examining Al Bot Transparency,
Competence, and Adaptability alongside simulated human negotia-
tors’ Agreeableness and Extraversion levels. Scenario-based results
showed that higher Al Transparency, Competence, and Adaptability
positively impacted transactivity and verbal equity. These results
align with existing research emphasizing the importance of trans-
parency and adaptability in human-AlI interactions, highlighting
that clearer but adaptive communication capabilities facilitate more
reciprocal and balanced interactions [37, 68]. The moderate but con-
sistent impacts of Al characteristics underline the role of Al agent
qualities in shaping conversational dynamics, especially in negotia-
tion settings where balanced participation is essential [6, 16].

Questionnaire measures reinforced personality-driven findings
from Experiment 1. The strong positive association of Agreeable-
ness and Extraversion with questionnaire measures regarding the
Al Bot’s reliability, honesty, and effort corresponds closely to prior
research linking Agreeableness and Extraversion with cooperative
engagement, trustworthiness, and positive affective experiences in
interpersonal negotiation contexts [19, 33, 34], as well as general
human-agent interactions [36, 44, 68]. In contrast, Al characteris-
tics influenced questionnaire outcomes only marginally, with AI
Adaptability showing the most notable, though still limited, effect.
This aligns with existing literature suggesting that participants’
subjective experiences in human—Al interactions are more sensi-
tive to perceived interpersonal qualities (e.g., warmth or openness)
than technical features alone [60].
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Lexical analyses further validated personality trait effects ob-
served in Experiment 1. Empathy findings remained largely consis-
tent with Experiment 1 and established literature, showing positive
associations of Extraversion and Agreeableness with emotional ex-
pressiveness and supportive, prosocial empathic responses [34, 74].
Interestingly, intent-based empathy markers differed slightly from
Experiment 1, with unexpected negative associations for neutral
empathic intents, potentially reflecting situational nuances in ne-
gotiation interactions. Connotation framing analyses supported
earlier evidence linking higher Agreeableness to increased use of
subtle, polite, or nuanced communication styles, while higher Ex-
traversion was associated negatively due to extraverts’ tendency
toward more direct and less implicitly nuanced communication
[58, 63]. These findings collectively underscore the robustness of
personality effects on negotiation behaviors across LLM simula-
tions, while potentially indicating a gap in simulating the complex-
ity of human-Al socializations.

6 General Discussion and Conclusion

Across two experiments, we demonstrated the effectiveness of large
language model (LLM)-driven simulations in modeling personality-
driven dynamics within negotiation scenarios. Experiment 1 pro-
vided strong evidence that personality trait prompts for Agreeable-
ness, Extraversion, Openness, and Neuroticism produce simulated
behaviors consistent with established theoretical predictions and
empirical findings in the personality and negotiation literature
[6, 11, 20, 34]. Lexical analyses revealed that personality traits sys-
tematically influenced emotional expressivity, moral expressions,
and nuanced lexical patterns in ways aligning closely with pre-
viously observed human negotiation behaviors [32, 58, 63]. Thus,
Experiment 1 underscores the utility of LLMs for controlled, scal-
able investigation into personality-driven interpersonal dynamics.

Experiment 2 built on these findings by exploring the joint im-
pacts of human digital twin (HDT) personality traits and Al agent
characteristics—Transparency, Competence, and Adaptability—on
simulated job negotiation outcomes. The results suggested that Al
agent characteristics, particularly Adaptability and Transparency,
influenced interaction dynamics such as transactivity and verbal
equity, although these impacts were moderate compared to those
driven by HDT personality traits. Questionnaire outcomes and
lexical analyses consistently showed strong effects of Agreeable-
ness and Extraversion on participants’ subjective negotiation ex-
periences and conversational behaviors, echoing Experiment 1 re-
sults and further highlighting that interpersonal traits substantially
shape negotiation interactions and outcomes [19, 34, 74]. In con-
trast, Al agent traits primarily played a complementary role by
influencing conversational balance and subtle interaction nuances,
aligning with literature suggesting that human-Al interactions de-
pend significantly on perceived interpersonal and social qualities
[37, 60, 68].

Taken together, our findings provide robust evidence for the
feasibility of employing LLM-based social simulations as valid plat-
forms for investigating complex personality-driven dynamics in
negotiation and human—-AI teaming contexts. The observed align-
ment of simulated behaviors with existing empirical and theoretical
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insights underscores the promise of LLMs for systematically explor-
ing nuanced interpersonal and communicative phenomena. Our
findings also point toward future directions: examining interac-
tions between personality traits at finer granularity, systematically
exploring additional Al-agent traits, and extending analyses across
other types of social interaction tasks. Ultimately, this approach
offers researchers a highly scalable and controllable experimental
framework for refining theories and practical strategies around
personality-informed design in human-Al interactions.

7 Limitations

Despite the novel insights provided by this work, several limita-
tions should be acknowledged. First, while our simulations demon-
strated alignment with established personality theories, they rely
on prompt-based personality manipulations that may not fully cap-
ture the complexity of human personality expression in real-world
negotiations. Second, our experiments focused on specific negotia-
tion scenarios (price bargaining and job negotiations), which may
limit generalizability to other mission-critical contexts such as crisis
management or tactical coordination. Third, the lexical measures,
while comprehensive, depend on the quality of LLM-generated
dialogue and may not capture non-verbal cues critical to human
negotiation dynamics. Finally, our Al agent characteristics were
limited to transparency, competence, and adaptability, potentially
overlooking other crucial factors that influence human-AlI teaming
effectiveness in operational environments.

8 Operational Implications

Our findings have direct implications for deploying agentic Al sys-
tems in defense and mission-critical operations. The strong causal
effects of Agreeableness and Extraversion on negotiation outcomes
suggest that Al agents must be designed to recognize and adapt
to operator personality profiles in real-time. For defense applica-
tions, this means developing Al systems capable of adjusting their
communication strategies when interfacing with diverse military
personnel, coalition partners, or civilian stakeholders. The domi-
nance of personality effects over Al characteristics indicates that
training protocols should emphasize personality-aware interaction
design rather than purely technical enhancements. Furthermore,
our multi-dimensional evaluation framework provides a blueprint
for pre-deployment testing of Al agents, enabling commanders to
assess whether specific Al systems will perform effectively with
their particular team compositions.

9 Future Work

Building on these foundational findings, we plan to extend our re-
search in several critical directions. First, we will conduct additional
experiments examining competitive versus collaborative job nego-
tiation scenarios to understand how task framing influences the
interaction between personality traits and Al characteristics. This
distinction is particularly relevant for defense applications where
Al agents must seamlessly transition between cooperative allied
interactions and competitive adversarial negotiations. Second, we
will expand our Al characteristic framework to include warmth
and theory of mind capabilities, as these factors are essential for
building trust and mutual understanding in high-stakes human-AI
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teams. Warmth, in particular, may moderate the effects of personal-
ity traits on negotiation outcomes and could be crucial for Al agents
operating in culturally diverse environments. Third, we plan to in-
vestigate how Al agents with theory of mind capabilities can better
anticipate and respond to personality-driven behaviors, potentially
improving adaptation strategies in dynamic operational contexts.
Finally, we aim to validate our simulation findings through human-
in-the-loop experiments, ensuring that our framework translates
effectively from simulated to real-world environments.
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A Example Agent Profile

"first_name": "Human",
"last_name": "Agent",
"age": 22,

"occupation": "Candidate",

"personality_and_values": Personality Model: Big 5 Personality

Personality Trait: Introversion

Task Assignment: Prefers independent tasks and may struggle with collaboration.
Interaction: Tends to avoid social interactions and may appear distant or reserved.
Communication: May be quiet or withdrawn in communication, leading to misunderstandings.
Planning: Tends to plan independently, potentially missing out on input from others.
Leadership: May prefer to work alone rather than lead a team.

Individual Role: May prefer solitary tasks and independent work."

B Craigslist Scenario Example

Scenario Description: One person is offering a 47 inch LED TV for a price of $349.0, while another person is
showing interest in purchasing it. Here is a description of the TV: This is a stunning 47 inch LED TV in pristine
condition. The model is the LG M Series LM476700. The buyer will need to arrange for pick-up in San Ramon. Feel
free to call or text if you\'re interested. The TV is smart enabled with WIFI and has built-in apps like Netflix,
Amazon, Youtube and more. It comes with a "Magic Remote" that has motion sensor controls. The LED display boasts
1080 HD resolution and also has a 3D function. The design is slim and lightweight with an attractive silver bezel.

Agent 1 Goal: You are the buyer for this item and your target price is \$152.0. You will be penalized if you
purchase it at a significantly higher price than the target. However, if you manage to buy it for less than the
target price, you'll receive a bonus.

Agent 2 Goal: As the seller of this item, your target price is set at\ $172.5. Please be aware that you will
face a penalty if the item is sold for a significantly lower price than the target. However, if you manage to sell
it for more than the target price, you will receive a bonus.

C Trait Variation Prompt

credibility_persona = {
"High_Transparency-High_Competence-High_Adaptability": {

"Task_Assignment": "Delegates tasks with clear explanations, leveraging high competence and adaptability
to adjust to evolving needs and challenges.",
"Interaction": "Engages openly with team members, sharing knowledge and adapting interactions based on

feedback and changing circumstances.",
"Communication": "Communicates transparently and expertly, adapting messages to ensure clarity and relevance
for various situations and audiences.",

"Planning": "Involves the team in detailed, transparent planning processes, with strategies that adapt to
new information and changing conditions.",
"Leadership": "Leads with high transparency and adaptability, using expertise to navigate changes and
inspire confidence and flexibility within the team.",
"Individual_Role": "Known for a high level of openness, skill, and flexibility, significantly contributing
to team success by adapting to dynamic environments."
b
"High_Transparency-High_Competence-Low_Adaptability": {
"Task_Assignment": "Assigns tasks with clear and competent guidance but may struggle to adjust plans or
strategies in response to unforeseen changes.",
"Interaction": "Maintains open communication and provides expert input, though may not easily adapt
interactions to rapidly changing team dynamics or feedback.",
"Communication": "Communicates effectively and transparently, but may find it challenging to modify
communication styles or approaches as situations evolve.",
"Planning": "Creates detailed plans with clear transparency and high competence, but may have difficulty

adapting strategies if new information or changes arise.",
"Leadership": "Leads with clarity and expertise, though adaptability might be limited, potentially affecting
the ability to respond effectively to unexpected changes.",
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"Individual_Role": "Provides high-quality and transparent input but may need to improve flexibility to
better handle evolving situations."
}
"High_Transparency-Low_Competence-High_Adaptability": {
"Task_Assignment": "Delegates tasks with openness and clarity but may lack the expertise needed for
effective execution, while adapting to team needs and feedback.",
"Interaction": "Engages openly with team members, adapting interactions based on feedback, though might
not offer deep or technically sound guidance due to lower competence.",
"Communication": "Communicates transparently and adjusts messaging based on context and feedback, though
may lack depth and technical detail in explanations.",
"Planning": "Shares planning processes openly and adapts strategies based on new information, though plans
may lack the necessary competence for optimal execution.",
"Leadership": "Promotes transparency and flexibility but may struggle with providing expert guidance,
requiring continuous adaptation to improve effectiveness.",
"Individual_Role": "Creates an open and adaptable environment but needs to bolster competence to enhance
overall effectiveness and contribution."
b
"High_Transparency-Low_Competence-Low_Adaptability": {
"Task_Assignment": "Assigns tasks with clear instructions but struggles with effective execution due to
low competence and adaptability, providing minimal updates.",
"Interaction": "Interacts transparently but may be rigid and less responsive to feedback or changing
conditions, impacting support and team dynamics.",
"Communication": "Communicates clearly but may lack depth and flexibility, leading to incomplete or
inadequate guidance due to limited expertise and adaptability.",
"Planning": "Shares planning details openly but with limited effectiveness and adaptability, resulting in
suboptimal strategies and execution challenges.",
"Leadership": "Demonstrates transparency but struggles with both competence and adaptability, leading to
less effective leadership and team direction.",
"Individual_Role": "Known for clear but ineffective communication and lack of adaptability, requiring
significant improvement in skill and flexibility for effective contribution."
b

"Low_Transparency-High_Competence-High_Adaptability": {
"Task_Assignment": "Delegates tasks effectively based on high competence and adaptability but with limited
transparency in updates or rationale.",

"Interaction": "Engages positively with team members while adapting interactions based on changing needs,
though may not share all relevant information.",
"Communication": "Provides knowledgeable input and adjusts communication style as needed, though might not

be fully transparent about processes or details.",
"Planning": "Develops effective and adaptable plans but keeps details and rationale guarded, potentially
impacting overall team alignment and understanding.",

"Leadership": "Leads with strong skill and adaptability but maintains some level of secrecy, affecting

team trust and cohesion despite effective execution.",
"Individual_Role": "Demonstrates high competence and flexibility but may need to increase transparency to

enhance overall team effectiveness and collaboration."

}Y
"Low_Transparency-High_Competence-Low_Adaptability": {
"Task_Assignment": "Assigns tasks with high competence but limited transparency and adaptability, resulting
in unclear guidance and difficulty responding to changes.",

"Interaction": "Interacts with caution and minimal openness, providing skilled support but struggling to
adapt interactions based on team feedback or changes.",

"Communication": "Communicates authoritatively but with limited transparency, and may struggle to adjust
messages based on evolving needs or contexts.",

"Planning": "Creates detailed plans with high expertise but lacks adaptability and transparency, leading
to potential gaps in team understanding and responsiveness.",

"Leadership": "Leads with high skill but limited adaptability and openness, which may impact team cohesion

and effectiveness despite competent execution.",
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"Individual_Role": "Known for high competence but requires improvement in transparency and adaptability
to fully support team dynamics and responsiveness."
1
"Low_Transparency-Low_Competence-High_Adaptability": {
"Task_Assignment": "Delegates tasks with minimal competence and transparency but shows high adaptability
in adjusting approaches based on team feedback and changes.",
"Interaction": "Engages with team members in a flexible manner but may lack depth in technical guidance
and provide limited information.",
"Communication": "Communicates with adaptability but limited clarity and expertise, leading to potential
misunderstandings and ineffective guidance.",
"Planning": "Plans with high adaptability but minimal transparency and competence, resulting in unclear
and potentially ineffective strategies.",
"Leadership": "Demonstrates flexibility and responsiveness but struggles with both transparency and skill,
affecting overall leadership effectiveness.",
"Individual_Role": "Creates an adaptable environment but requires significant improvement in competence
and transparency to enhance overall effectiveness."
b

"Low_Transparency-Low_Competence-Low_Adaptability": {
"Task_Assignment": "Assigns tasks with reluctance and minimal effectiveness, lacking competence, transparency,
and adaptability, resulting in poor outcomes.",
"Interaction": "Interacts in a guarded manner with limited information sharing and adaptability, providing
minimal support and demonstrating low skill.",
"Communication": "Shares minimal and unclear information, leading to confusion and ineffective communication
within the team due to low competence and flexibility.",

"Planning": "Plans with minimal effectiveness and adaptability, resulting in unclear strategies and
challenges in execution due to low competence and transparency.",
"Leadership": "Struggles with leadership due to low trust, transparency, competence, and adaptability,
leading to poor team dynamics and performance.",
"Individual_Role": "Considered ineffective and uncommunicative, requiring substantial improvement across
transparency, competence, and adaptability."

3
b

D Job Negotiation details

Here we provide the detailed setting of Human-AlI Job Negotiation in Section 5. Table 3 shows the score allocations on different choices for
two roles.

Starting Date 6.1 6.15 7.1 7.15 81

Manager 0 600 1200 1800 2400
Candidate 2400 1800 1200 600 0
Salary ($k) 100 105 110 115 120
Manager 6000 4500 3000 1500 O
Candidate 0 1500 3000 4500 6000

Table 3: Comparison of Scenarios for Starting Date and Salary (Candidate vs. Recruiter Points)
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