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Abstract
Personality assessment methods used in psychology

are now being applied to study LLM agents. However,
the behavioral validity of such methods remains unclear.
One commonly used approach relies on personality re-
ports. In this work, we evaluate the predictive validity of
LLM personality reports by testing whether self-report and
observer-report profiles can predict strategic behavior in
two-player games. Our results show that observer reports
are more predictive in coordination-heavy settings, while
self-reports are more predictive in high-conflict games.
We also find that combining both paradigms yields the
strongest overall predictive power, suggesting that they cap-
ture complementary personality signals. We adopt predic-
tive validity as a principled framework for evaluating LLM
personality assessment methods.

1 Introduction
Large language model (LLM) agents are increasingly

deployed in interactive social settings, including mental
health support, or education [1, 2]. As these agents see
wider deployment, there has been a growing interest in
analyzing their behavioral tendencies through personality
assessments. The goal is to improve human–AI interaction,
alignment, and predictability.

Most existing approaches of LLM personality assess-
ment adapt human personality inventories such as the Big
Five personality theory [3]. In psychology, we generally
encounter two contrasting paradigms of self-report and
observer-report. According to the self-report paradigm,
an LLM agent directly rates standardized personality items
to produce an introspective profile. This approach is sim-
ple to deploy but suffers from reliability issues, prompt
sensitivity, and systematic biases [4, 5, 6]. In contrast,

the observer-report paradigm infers the personality of an
LLM agent from externally observable behaviors, elicited
through interaction with other agents [6]. Existing work
has also shown that observer-reports diverge substantially
from self-reports, suggesting that the two paradigms cap-
ture different personality traits of LLM agents.

A fundamental challenge for personality assessment is
that personality is a latent construct with no direct ground
truth. In psychology, the validity of a personality assess-
ment method is established through predictive validity,
which is the extent to which personality measures can pre-
dict consequential behaviors and real-world outcomes such
as job performance, relationship quality, and health-related
decisions [7]. Predictive validity is widely regarded as the
gold standard for evaluating assessments of latent traits like
personality. However, it remains unclear whether the per-
sonality profiles of LLM agents obtained via self-report or
observer-report can meaningfully predict behavioral pat-
terns, and not just capture surface-level textual regularities
in generated texts.

To address this gap, we examine the predictive validity of
LLM personality assessments by evaluating if self-reports
and observer-reports can predict agent behavior in strategic
decision-making scenarios. We specifically employ a set
of classic two-player economic games: Pure Coordination,
Stag Hunt, Battle of the Sexes, Hawk–Dove, and the Pris-
oner’s Dilemma [8, 9]. These games have long served as
behavioral probes in economics, game theory and psychol-
ogy as they provide a solid and controlled testbed for study-
ing behavioral tendencies like cooperation, risk-taking, and
reciprocity.

Using such games, we systematically compare the pre-
dictive power of self-report and observer-report personal-
ity profiles at two levels of analysis. At the macro level,
we examine how well personality measures predict ag-
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gregate game outcomes. At the micro level, we analyze
whether personality traits predict fine-grained action pat-
terns such as cooperation, risk-taking, forgiveness, reci-
procity, and behavioral switching. Our results show that
observer-reports and self-reports capture distinct and com-
plementary personality signals. Observer-reports are more
predictive of socially manifested actions such as cooper-
ation, forgiveness, and risk-taking, while self-reports bet-
ter predict internally driven strategy-adjustment behaviors
such as reciprocity and switching.

2 LLM Personality Assessment
We now introduce self-report and observer-report

paradigms for assessing LLM personality. Both methods
use the same standardized personality questionnaires.

2.1 Big Five Personality Framework

We adopt the Big Five personality framework [3], con-
sisting of Openness (OPE), Conscientiousness (CON), Ex-
traversion (EXT), Agreeableness (AGR), and Neuroticism
(NEU). The Big Five theory provides the basis for configur-
ing LLM agents and subsequent personality assessments.

LLM agent with synthetic personality We con-
figure the LLM agents with synthetic Big Five personality
profiles [10, 11]. Each agent is instantiated with a personal-
ity configuration specified through personality-describing
adjectives corresponding to the five dimensions, injected
into the system prompt to condition the agent’s behavior.

Personality questionnaire We measure the per-
sonality profile of LLM agents using a 50-item question-
naire derived from the International Personality Item Pool
(IPIP) [3]. Each item is a declarative statement (e.g., “I
sympathize with others’ feelings”) and is mapped to exactly
one of the five trait dimensions. Following prior work on
LLM personality assessment, each questionnaire item is
presented independently, and responses are collected on a
5-point Likert scale [10, 11]. Trait scores are computed by
aggregating item-level responses within each dimension,
yielding a 5-dimensional personality vector.1）

2.2 Self-report

In the self-report paradigm, an LLM agent is prompted to
evaluate its own personality by responding to standardized

1） The list of 50 items and the scoring schemes can be found at
https://ipip.ori.org/newBigFive5broadKey.htm.

questionnaire items such as “I sympathize with others’ feel-
ings” on a Likert scale based on how accurately it believes
the statement reflects itself. The responses are aggregated
to give a personality profile across predefined trait dimen-
sions. Conceptually, self-report reflects the agent’s internal
self-description, relying on its ability to interpret personal-
ity concepts, map them onto its own behavioral tendencies,
and produce a coherent introspective judgment.

While this approach is appealing due to its simplicity
and efficiency, concerns remain about its reliability and
the potential biases [4, 6]. Since self-reports rely on meta-
cognitive reasoning, the resulting personality profiles may
be influenced by factors such as instruction framing and ex-
posure to personality metadata, causing it to deviate from
the agent’s actual behavioral patterns [6]. Consequently,
self-reported personality should be interpreted as a decla-
ration of how the agent perceives itself, rather than as a
direct measurement of its behavioral tendencies.

2.3 Observer-report

The observer-report paradigm is proposed to address the
limitations of self-report methods by inferring personality
profile from externally observable behavior [6]. A target
LLM agent interacts with multiple observer agents across a
range of dialogue scenarios designed to elicit personality-
relevant behaviors. Each observer agent evaluates the tar-
get agent using the same standardized personality question-
naire. Instead of rating how well each statement describes
itself, the observer rates how well the statement describes
the target agent’s behavior. Observer-report captures the
agent’s perceived personality manifested in its behavior,
language style, and interaction dynamics. Notably, there is
a systematic divergence between observer-reports and self-
reports of LLM agents, suggesting that the two paradigms
capture different aspects of personality-related signals.

3 Economic Games
We adopt a game-theoretic approach in which each sub-

ject LLM agent engages in a 2-player economic game with
another opponent agent [8].

3.1 Game Types

We evaluate the decisions using five classic two-player
economic games: Battle of the Sexes (BS), Pure Coordi-
nation (PC), Hawk-Dove (HD), Prisoner’s Dilemma (PD),
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and Stag Hunt (SH) [8]. Each game is defined using a
payoff matrix that encodes the preferences of the agents.
Refer to the appendix for the details.

The five games can be arranged along a spectrum of in-
creasing conflict. PC involves no conflict, as players have
identical preferences and simply need to match actions.
SH introduces minimal conflict through risk asymmetry,
where mutual cooperation yields the highest payoff (both
choosing the first action ‘stag’), but a safe alternative (the
second action ‘hare’) creates tension around trust [12]. BS
adds distributional conflict while retaining the coordination
motives. In this case, players want to match actions but pre-
fer different actions. HD shifts toward anti-coordination,
where players benefit from mismatched actions but face
costly mutual aggression. Finally, PD represents maxi-
mum conflict with no coordination motive (choosing the
first action), where each player has a dominant strategy to
defect (the second action) [8].

Simulation based on LLM Agents Herein, payoff
matrices are translated into textual instructions and pre-
sented to LLM agents [13]. We randomly pair the LLM
agents configured in Section 2.1. Each pair of agents plays
a repeated game of 10 rounds, for all five types of games.
In each round, an agent observes the opponent’s previous
action before each decision. We record an agent’s cumula-
tive reward as the game outcome, yielding a 5-dimensional
outcome vector 𝑈 ∈ [0, 9]5 across the five games.

3.2 Action Types

To analyze fine-grained behavioral tendencies beyond
aggregate payoffs, we categorize each agent’s round-level
decisions into five interpretable action types. To cooperate
is to promote mutually beneficial outcomes or successful
coordination between players. Specifically, the first action
(cooperate) of the Prisoner’s Dilemma (PD) game, the first
action (stag) of the Stag Hunt (SH), and choosing the same
action as the opponent’s action in the Pure Coordination
(PC) game are defined as cooperation actions. The other
action is thus defined as the defection action. To forgive is
to maintain cooperation despite the opponent had defected
in the previous round. This applies to the PD, SH, and
PC games. Forgiveness captures tolerance to short-term
exploitation or miscoordination. An agent reciprocates
if their current action is identical to the opponent’s action
in the previous round. This definition applies to all game

types, and captures reactive strategies such as tit-for-tat
[14]. To risk is to be exposed to higher potential loss un-
der uncertainty about the opponent’s behavior. We define
the risk of an action using the maximum regret criterion
[15]. Maximum regret is the largest difference between
the payoff that could have been achieved by choosing the
best response in hindsight and the payoff obtained by the
chosen action, across all possible opponent actions. If one
of the agent’s two possible actions has higher maximum
regret, that action is defined as a risk-taking action. For
example, choosing the first action ‘stag’ in SH game, sec-
ond action ‘hawk’ in HD game, first action ‘cooperate’ in
PD game, and the second action (opponent’s preferred out-
come) in BS game are risky actions. Refer to the appendix
for the formal definition of risk. Finally, to switch is to
act differently from the agent’s own action in the previ-
ous round. This definition applies to all game types and
captures exploratory or stationary behavior.

For each LLM agent, we record the frequency of each
of the above action types, yielding a 5-dimensional action
vector 𝐴 ∈ [0, 1]5 across the five action types.

4 Predictive Behavioral Analysis

4.1 Predictive Power of Game Outcome

To assess the predictive validity, we train linear regres-
sion models that map personality vectors to game outcomes
𝑈. We compare three predictors: self-report, observer-
report, and a combined predictor that concatenates both
personality vectors. Predictive performance is measured
using the coefficient of determination (𝑅2), reported in
Figure 1a.

Overall, observer-reports slightly outperform self-
reports across games, while the combined predictor consis-
tently achieves the highest predictive power. This indicates
that observer and self-reports capture unique information
that the other cannot provide, and complement each other.

Predictive power varies substantially across game types.
Games with strong coordination incentives, such as Pure
Coordination (PC), can be predicted more from observer-
reports. In these settings, behavior is highly responsive to
social signaling, and externally observable interaction pat-
terns provide informative cues. In contrast, high-conflict
games such as the Prisoner’s Dilemma (PD) show weaker
gains from observer-reports and relatively stronger contri-
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(a) Predictive Power of economic game outcome. (b) Predictive power of self-report. (c) Predictive power of observer-report.

Figure 1: Predictive power of self-report and observer-report personality across outcomes and actions.

butions from self-reports. Since defection is the dominant
strategy, communication and perceived intent play a limited
role, reducing the value of externally inferred personality
signals. Games with anti-coordination or mixed incentives,
particularly Hawk–Dove (HD), exhibit the lowest predic-
tive power across all predictors. In such environments,
strategic unpredictability and context-dependent behavior
limit the explanatory role of stable personality traits. Battle
of the Sexes (BS) and Stag Hunt (SH) fall between these
extremes, showing modest predictability consistent with
their multiple equilibria and reliance on situational factors.

4.2 Predictive Power of Agent Action

To complement the macro-level analysis of game out-
comes, we now examine whether personality dimensions
predict fine-grained action patterns at the micro level.
Specifically, we analyze how self-report and observer-
report personality profiles predict the frequency with which
agents cooperate, reciprocate, forgive, risk, and switch.
Figure 1b and 1c report the predictive power of each Big
Five dimension for these five action types.

We observe a clear asymmetry between the predictive
power pattern of self-report and observer-report. Self-
reports tend to be more informative for predicting internally
driven or strategy-adjustment behaviors, such as switch and
reciprocate. In contrast, observer-reports provide stronger
and more consistent predictive signals for socially oriented
actions, including cooperate, forgive, and risk. This mir-
rors the macro-level finding that observer-reports excel in
interaction- and coordination-heavy settings.

The difference between self-report and observer-report

is also shown in the distribution of their predictive dimen-
sion. The predictive power of self-report is concentrated in
EXT and CON dimensions. EXT emerges as the most pre-
dictive dimension, particularly for risk-taking (𝑅2 = 0.074)
and cooperation (𝑅2 = 0.048), aligning with similar ten-
dencies in human. CON predicts reciprocity (𝑅2 = 0.051)
and forgiveness (𝑅2 = 0.049). This links to self-perceived
focus on rule-following behavior. For observer-reported
personality, we see a different pattern that concentrates on
AGR and NEU dimensions. AGR is the dominant pre-
dictor, strongly linked to cooperation (𝑅2 = 0.087) and
forgiveness (𝑅2 = 0.097). Accordingly, pro-social ten-
dencies manifested during interaction indicate cooperative
and forgiving actions. On the other hand, NEU has a high
predictive power of forgiveness (𝑅2 = 0.072) and cooper-
ation (𝑅2 = 0.042). This implies that emotionally unstable
behaviors that are visible to observers signal how agents
respond to conflict.

Overall, these findings suggest that self-report and
observer-report capture complementary personality sig-
nals at the action level, supporting the combined predictive
gains in Section 4.1.

5 Conclusion
In this work, we demonstrate that LLM personality as-

sessments exhibit predictive validity for strategic behaviors
in economic games. Both macro- and micro-level analysis
of predictive power show that self-report and observer-
report capture complementary behavioral signals. The
findings support predictive validity as a principled crite-
rion for evaluating latent traits of LLMs.
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A The Economic Games
We look into five classic two-player games: Pure Coordination (PC), Stag Hunt (SH), Prisoner’s Dilemma (PD), Battle

of the Sexes (BS), and Hawk-Dove (HD) [8]. The corresponding payoff matrices are described in equations (1).

𝑀PC =

(
1, 1 0, 0
0, 0 1, 1

)
𝑀SH =

(
9, 9 0, 8
8, 0 7, 7

)
𝑀PD =

(
3, 3 0, 4
4, 0 1, 1

)
𝑀BS =

(
2, 1 0, 0
0, 0 1, 2

)
𝑀HD =

(
2, 2 1, 3
3, 1 0, 0

) (1)

B Risk Quantification
The risk mentioned in Section 3.2 is formally defined as the maximum regret criterion [15]. An agent 𝑖’s risk, or

maximum regret, for playing an action 𝑎𝑖 is defined as in equation (2).

𝑟𝑖𝑠𝑘 (𝑎𝑖) = max
𝑎−𝑖∈𝐴−𝑖

(
[max
𝑎′
𝑖∈𝐴𝑖

𝑢𝑖 (𝑎′𝑖 , 𝑎−𝑖)] − 𝑢𝑖 (𝑎𝑖 , 𝑎−𝑖)
)

(2)

Here, 𝑢𝑖 is the payoff function of 𝑖 as defined in the payoff matrices, and 𝐴𝑖 is its action set containing two actions. Equation
(2) represents the amount that 𝑖 loses by playing 𝑎𝑖 rather than playing its best response to opponent’s action 𝑎−𝑖 , assumed
to make this loss as large as possible. An agent is considered risk-taking when it selects actions with high maximum regret,
accepting greater potential losses in pursuit of higher payoffs.
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