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Abstract

Human personality inventories are increasingly used to char-
acterize large language models (LLMs), compare systems,
and inform downstream governance claims. Yet, these in-
ventories were developed and validated for humans, and it
remains unclear whether they are valid for non-human sys-
tems. We present a systematic psychometric evaluation of
Big Five personality measurement in LLMs. We ask three
research questions: Do Big Five inventories a) appropriately
describe LLMs, b) capture meaningful differences between
models, and c) reflect internal factors consistent with human
personality? We assess the content validity of five candidate
Big Five inventories and administer the best-performing in-
ventory to N = 264 LLMs spanning 50 model families.
Our findings are threefold. First, Big Five items adapted for
LLMs achieve acceptable content validity, whereas the orig-
inal human-developed items do not. Second, Big Five inven-
tories fail to capture meaningful differences across LLMs:
between-model variance accounts for only 7% - 17% of the
total score variance. Third, LLMs responses do not repro-
duce the canonical Big Five five-factor structure of human
personality, with four of the five personality facets collaps-
ing into one (r > .90). Moreover, comparisons between
base and instruction-tuned variants suggest that alignment
training shifts Big Five scores toward socially desirable pro-
files. These findings demonstrate that Big Five inventories do
not measure a construct equivalent to human personality in
LLMs. Thus, using human personality frameworks to charac-
terize, benchmark, compare, or govern LLMs risks produc-
ing misleading conclusions. We highlight the need for evalu-
ation frameworks that are specifically designed and validated
for LLMs, rather than transferring human psychological con-
structs without first establishing their validity.

Data, Code, and Supplementary Material —
github.com/ellisalicante/BigFive-LLM-Evaluation

1 Introduction

Large language models (LLMs) no longer serve just as tools.
Users often engage with them as advisors, assistants or com-
panions across a wide range of domains, including health, fi-
nance, role-play, mental health, and programming (Karnam
etal. 2026). These roles require LLMs to be servile and help-
ful, act as role models, and avoid toxic outputs (Bodroza,
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Dini¢, and Boji¢ 2024; Lee et al. 2025; Li et al. 2024). LLMs
can create the illusion of human-likeness and even “person-
ality”, by producing the presence of social cues (Nass and
Moon 2000; Fogg 2003; Peter, Riemer, and West 2025). At
the same time, both users and companies describe chatbots
using human attributes (Nass and Moon 2000; Peter, Riemer,
and West 2025): some models appear cautious and polite;
others confident and direct; some empathetic and encourag-
ing. These perceived traits can influence users’ trust, persua-
sion, engagement, motivation, and enjoyment (Kovacevi¢
et al. 2024; Kuhail et al. 2024; Lee et al. 2024; Moilanen
et al. 2022; Soderqvist 2025; Sonlu et al. 2024).

Yet whether LLMs genuinely exhibit personality-like
characteristics remains a matter of scientific debate. Treat-
ing LLMs as if they have personality risks encouraging un-
warranted assumptions about consciousness, emotions and
intentions, while increasing the risk for persuasion and ma-
nipulation (Peter, Riemer, and West 2025). More than two
decades ago, Nass and Moon (2000) demonstrated that users
readily apply social expectations and human stereotypes to
computers. As LLMs become increasingly capable of pro-
ducing behavior that appears personality-like, these findings
raise new questions about their implications for user experi-
ence, safety, and governance.

In practice, platforms, developers, and users increasingly
describe and interact with LLMs as if they have stable per-
sonalities, regardless of whether these apparent personali-
ties correspond to psychologically meaningful traits. As a
consequence, a growing body of work has adopted human
personality inventories, particularly Big Five assessments, to
characterize and compare LLMs (see Section 2). However,
these instruments were developed and validated to measure
stable psychological traits in humans. Whether their under-
lying assumptions transfer to language models remains an
open empirical question.

This uncertainty has governance consequences. How per-
sonality is conceptualized and measured in LLMs deter-
mines what claims can be made about model behavior, what
risks are identified, and which governance interventions be-
come possible. Poorly validated personality frameworks risk
anthropomorphizing Al behavior and treating “desirable”
personality traits as meaningful without empirical support.
Establishing whether existing psychometric instruments are
valid for LLMs is therefore a prerequisite for any scientific



or governance claim that relies on such measurements.

This paper critically examines the transfer of human-
developed personality frameworks to LLMs through a con-
ceptual analysis and an empirical study. We administer a Big
Five inventory selected through an expert content validity
study to N = 264 individual LLMs and address the follow-
ing three research questions:

RQ1 Are human personality inventory (Big Five) items ap-
propriate descriptive summaries of LLMs?

RQ2 Do personality scores capture meaningful inter-
individual differences across LLMs?

RQ3 Do LLMs’ Big Five responses reflect internal factors
consistent with the Big Five structure?

2 Related Work

Research on personality constructs in LLMs spans two ob-
jectives: inducing personality-like traits in LLMs to im-
prove user interaction, and applying personality invento-
ries to measure and characterize model behavior. Both have
grown rapidly, yet both rest on assumptions that have re-
ceived little critical evaluation.

Personality Induction. A large body of work explores
whether LLMs can be prompted, fine-tuned, or trained to ex-
press consistent personality-like characteristics (Huang et al.
2024; Serapio-Garcia et al. 2025; Huang et al. 2025; Jiang
et al. 2024, 2023; Frisch and Giulianelli 2024; Lee et al.
2025; Li et al. 2025a,b; Zheng et al. 2025). Personality-
conditioned interactions have been shown to increase trust,
engagement, and user satisfaction (Kuhail et al. 2024; Sonlu
et al. 2024; Soderqvist 2025; Kovacevic et al. 2024; Moila-
nen et al. 2022; Lee et al. 2024). These studies typically
assign a specific personality profile to a model before as-
sessing whether the model expresses the intended traits. This
design conflates personality induction with personality mea-
surement: what is assessed is not the model’s default be-
havioral tendencies, but its ability to display assigned traits.
Whether LLMs show stable traits without inducing person-
ality beforehand remains a separate question.

Personality Measurement. A parallel line of work
attempts to directly measure personality-like behavior
in LLMs, predominantly using Big Five inventories
(Sorokovikova et al. 2024; Jiang et al. 2023; Karra, Nguyen,
and Tulabandhula 2023; Pellert et al. 2024; Li et al. 2024,
2025b; Hartley et al. 2025; BodroZa, Dini¢, and Boji¢ 2024;
Lee et al. 2025). These studies administer standard self-
report instruments developed for humans, often the BFI or
IPIP-NEO, and report trait profiles for individual models
or model families. Findings are mixed. While studies re-
port that LLMs show distinct and individual Big Five pro-
files (Lee et al. 2025; Sorokovikova et al. 2024; Karra,
Nguyen, and Tulabandhula 2023), other studies report a gen-
eral pattern of social desirability bias across models (Salecha
et al. 2024; Bodroza, Dini¢, and Boji¢ 2024; Peereboom,
Schwabe, and Kleinberg 2025). Compared to human base-
lines, the strongest effects were found for Conscientiousness
and Agreeableness. LLMs often scored higher on these traits
(Bai et al. 2025; BodroZa, Dini¢, and Boji¢ 2024; Hartley
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et al. 2025; Hilliard et al. 2024; Lee et al. 2025; Li et al.
2025b; Pellert et al. 2024). Some papers also report slightly
elevated levels of Openness to Experience (Hartley et al.
2025; Lee et al. 2025). Finally, LLMs tend to score low on
Neuroticism (Hartley et al. 2025; Bai et al. 2025; Lee et al.
2025). Findings for Extraversion are comparatively mixed.

Existing Critiques of Personality Measurement in LLMs.
A smaller but growing body of work questions whether per-
sonality constructs meaningfully transfer to LLMs at all. Ex-
isting critiques highlight concerns regarding the misleading
concept of “LLM personality”, instabilities of personality
measures, and the lack of theoretical grounding for applying
human frameworks to generative systems (Han et al. 2025;
Romero, Fitz, and Nakatsuma 2023; Siihr et al. 2025; Tosato
et al. 2025; Xie et al. 2025; Bai et al. 2025; Bodroza, Dinic¢,
and Boji¢ 2024; Shu et al. 2024). Other work argues that
apparent personality signals may emerge from replicated be-
havior observed in training data and probability distributions
(Romero, Fitz, and Nakatsuma 2023; Karra, Nguyen, and
Tulabandhula 2023; Tosato et al. 2025; Pellert et al. 2024).

Unexamined Assumptions. Despite this volume of work,
three foundational assumptions remain largely untested.
First, most studies apply human inventories to LLMs with-
out establishing whether their items are appropriate descrip-
tors of LLM behavior, i.e., without assessing content validity
for the target population. While Lee et al. (2025) assess con-
tent validity of their proposed inventory TRAIT, they opera-
tionalize it as item diversity across facets rather than testing
whether items are applicable to LLMs. Instruments are typ-
ically described as “validated” without acknowledging that
this validation was performed on humans, not LLMs.

Second, many studies treat LLMs as “populations” (Siihr
et al. 2025) rather than individuals (Li et al. 2024). These
studies administer inventories under persona prompting, ex-
plicit personality or character assignments, or temperature
sampling to generate response variance. On the other hand,
studies treating LLMs as individuals and investigating their
default personality scores often use small sample sizes, a
variety of unvalidated personality inventories and different
temperature values (Sorokovikova et al. 2024; Hartley et al.
2025; Jiang et al. 2023; Karra, Nguyen, and Tulabandhula
2023; Xie et al. 2025; Tosato et al. 2025), preventing firm
conclusions and comparisons across papers.

Third, no study has systematically evaluated whether the
latent factor structure underlying LLM responses corre-
sponds to the theoretically expected Big Five dimensions, a
basic requirement for construct validity. While some studies
apply factor-analytic methods, they do so on response dis-
tributions generated through persona sampling, temperature
sampling, or by aligning models to human participant pro-
files rather than across individual models (Zheng et al. 2025;
Siihr et al. 2025; Huang et al. 2025; Peereboom, Schwabe,
and Kleinberg 2025).

Contributions. This paper addresses these gaps by mak-
ing the following four contributions:

1. An evaluation pipeline that links the defining character-
istics of personality to established psychometric criteria.



2. A content validity expert study to evaluate whether
items from five candidate Big Five inventories are appro-
priate descriptors of LLM behavior (RQ1).

. A large-scale normative dataset of Big Five scores
from N 264 LLMs, spanning 50 model families.
Each model is treated as a single individual and adminis-
tered the personality inventory under default settings, i.e.,
without persona or personality assignment, to examine
whether scores capture meaningful differences between
models (RQ2).

. A factor analysis of LLMs responses to test whether
they reproduce the latent five factor structure (Big Five)
that characterizes human personality (RQ3).

We conclude by providing a critical reframing of person-
ality assessment in LLMs, demonstrating that Big Five in-
ventories do not measure a construct equivalent to human
personality when applied to LLMs.

3 Personality

Definition of Personality. In psychology, personality de-
notes an individual’s “characteristic styles of thought, feel-
ing and behavior” (Costa and McCrae 1986). While person-
ality lacks a single definition (Larsen et al. 2017), existing
personality models converge on six core characteristics. Per-
sonality traits (1) provide descriptive summaries of behavior
(Larsen et al. 2017; Matthews, Deary, and Whiteman 2003);
(2) capture inter-individual differences, describing how in-
dividuals systematically differ from one another (Costa and
McCrae 1986; McCrae and John 1992; Larsen et al. 2017);
(3) reflect latent internal factors grounded within an individ-
ual (Larsen et al. 2017; Costa and McCrae 1986; Matthews,
Deary, and Whiteman 2003); (4) exhibit temporal stability
(Larsen et al. 2017; Matthews, Deary, and Whiteman 2003);
(5) demonstrate cross-situational consistency (Larsen et al.
2017; Matthews, Deary, and Whiteman 2003); and (6) pro-
vide predictive information about behavior (Larsen et al.
2017; Matthews, Deary, and Whiteman 2003).

Big Five Personality Model. The Big Five personality
model is one of the most widely used and validated frame-
works in psychology for describing stable patterns of hu-
man behavior (Goldberg 1992; John and Srivastava 1999).
It emerged from the lexical approach, i.e., the idea that
relevant personality differences become encoded in natu-
ral language over time (McCrae and John 1992). The Big
Five describes personality along five facets: Openness to
Experience (artistic, curious, original); Conscientiousness
(efficient, organized, responsible); Extraversion (energetic,
outgoing, talkative); Agreeableness (generous, kind, trust-
ing); and Neuroticism (anxious, unstable, worrying) (Mc-
Crae and John 1992; Costa and McCrae 1986; John and Sri-
vastava 1999). These five dimensions are often abbreviated
as OCEAN and were derived through factor analysis of hu-
man self-reported data (McCrae and John 1992).

Psychometric Assumptions and Their Transfer to LLMs.
Applying an established framework that was developed for
one population to another requires that its underlying as-
sumptions hold across both populations. These assumptions
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should be explicitly examined rather than implicitly pre-
sumed. First, measurement items must accurately and appro-
priately describe the target population. Second, respondents
must exhibit meaningfully variation in the measured traits.
Third, responses should reflect underlying latent constructs
rather than superficial patterns. Finally, the framework as-
sumes that respondents have subjective experience and self-
perception, as many items ask about emotions, motivations,
and social behavior.

These assumptions do not transfer straightforwardly to
LLMs. LLMs do not possess emotions, embodiment, or sub-
jective self-awareness in the human sense. When an LLM
responds “T get stressed out easily”, it is unclear whether
this reflects a stable latent tendency, a conversational role
adopted during generation, or statistical patterns learned
from human text. LLM-adapted inventories have been pro-
posed (Jiang et al. 2023; Tosato et al. 2025; Zheng et al.
2025), but rarely evaluated using standard psychometric pro-
cedures. It remains unclear what Big Five framework mea-
sure when being transferred to LLMs.

4 Methodology
4.1 Evaluation Pipeline

To apply Big Five inventories to LLMs and interpret their
scores, we must first make sure that these instruments are
valid for the target population of LLMs. Before labeling a
model as “extraverted” or “agreeable”, we need to exam-
ine what is being measured when human personality frame-
works are transferred to LLMs. We structure this evaluation
around the three research questions and the previously de-
scribed six characteristics of personality traits (Larsen et al.
2017; Matthews, Deary, and Whiteman 2003). Below, we
summarize these characteristics and connect each one to cor-
responding psychometric criteria and statistical analyses.

1. Descriptive summaries
Personality traits and items must appropriately describe
the target population (RQ1). Criterion: content validity.
Analysis: expert ratings, S-CVI, refusal rate.

. Inter-individual differences
Traits must capture meaningful differences between indi-
viduals (RQ2). Criterion: score distributions and norms.
Analysis: normality, means, standard deviations, per-
centile ranks, variance decomposition.

. Internal factors
Personality must reflect latent internal characteristics of
the individual (RQ3). Criterion: reliability and construct
validity. Analysis: Cronbach’s o, McDonald’s w, confir-
matory and exploratory factor analysis, model fit indices.

. Temporal stability
Personality traits should be relatively stable across re-
peated administrations over time. Criterion: test-retest
reliability. Analysis: correlations across time points.

. Cross-situational consistency
Personality traits should be relatively consistent across
different situations. Criterion: parallel-test reliability,
rank-order stability. Analysis: correlations across differ-
ent situations.



Behavioral relevance

Personality traits should meaningfully influence and pre-
dict behavior. Criterion: criterion validity. Analysis: cor-
relations with behavioral measures.

This paper focuses on characteristics 1-3 (RQ1 — RQ3),
which are prerequisites for evaluating the remaining three.
Assessing characteristics 4—6 is is left for future research.

4.2 Phase 1: Instrument Selection

To address RQ1, we assessed the content validity of five can-
didate Big Five inventories and the refusal rate associated
with seven candidate prompt templates. We then identified
the instrument and prompting approach that were most ap-
propriate for evaluating LLMs.

Participants

We recruited 3 experts as an established minimum for con-
tent validity studies (Lynn 1986; Polit, Beck, and Owen
2007). Inclusion criteria were at least five years of exper-
tise in psychology and/or computer science. Two raters are
authors of this study.

Models

We used a representative mini-sample of nine LLMs span-
ning nine model families: Claude Haiku 4.5, GPT-4o,
DeepSeek-R1, Gemini 2.5 Flash, Llama 3.1-8B-Instruct,
Mistral-Small-2603, Qwen3.5-Flash, GLM-5, and Grok-4-
Fast. The sample covers proprietary and open-weight mod-
els, reasoning and non-reasoning variants, and models from
the US, China, and Europe.

Materials

Personality inventories. ~ We evaluated five Big Five inven-
tories: two established human inventories commonly used
in LLM research (BFI, 44 items; IPIP-NEO-120, 120 items)
(John and Srivastava 1999; Johnson 2014), the frequently
applied Machine Personality Inventory (MPI, 120 items)
(Jiang et al. 2023), and two LLM-adapted versions of the
BFI, namely the BFI-LLM from the PERSIST framework
(BFI-LLM, 44 items) (Tosato et al. 2025) and the Lan-
guage Model Linguistic Personality Assessment (LMLPA,
44 items) (Zheng et al. 2025). All instruments were evalu-
ated using only the item stems, presented in a closed-ended
form. The material for the experts included ranking guide-
lines (see Supplementary Material A, on GitHub).

Prompt templates.  Templates included the five original in-
structions of the candidate inventories, and the commonly
used templates by Serapio-Garcia et al. (2025) and Huang
et al. (2024) (see Supplementary Material B). If necessary,
we made minor changes to improve applicability to LLMs.

Procedure

Expert evaluation.  Each expert rated all items from the
five candidate inventories on a 4-point Likert scale (1 = not
at all appropriate; 4 = fully appropriate) across three dimen-
sions: (1) suitability to chatbot respondents, (2) suitability to
the target Big Five facet, and (3) clarity of wording.

Pilot study. ~ We administered the k inventories that pre-
viously showed sufficient content validity under all seven
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prompt templates to each model, collecting three identitcal
repetitions. This yielded a fully crossed design of 9 models
X k inventories X 7 templates x 3 repetitions.

Statistical Analyses

Expert study.  Content validity was quantified via means
of expert ratings and the scale-level content validity index S-
CVI (average proportion of experts rating > 3 across items;
> .80 acceptable) (Polit, Beck, and Owen 2007). Inter-rater
agreement was assessed using Gwet’s AC2 (Gwet 2014)
(.41-.60 = moderate; .61-.80 = substantial; > .81 = almost
perfect) (Landis and Koch 1977), because it is more robust
to low variance and high agreement among raters. The in-
ventories with S-CVI > .80 and at least moderate inter-rater
agreement proceeded to the pilot study.

Pilot study.  We selected: (1) the inventory that minimized
refusal rate, variance across repetitions, and keying sensi-
tivity (mean score difference between positively and nega-
tively keyed items), and maximized correlation between the
k inventories and internal consistency (Cronbach’s «); and
(2) the prompt template that minimized refusal rate and vari-
ance across repetitions, and maximized average correlation
between templates and internal consistency.

4.3 Phase 2: Large-Scale Administration

To address RQ2 and RQ3, we administered the inventory
and prompt template selected in Phase 1 to a large, diverse
sample of LLMs.

Models

We collected data from N = 264 LLMs, creating a rep-
resentative sample that spans diverse model families, sizes,
capabilities, geographic origins, licenses, and release years.
Please refer to Section 5.2 and the GitHub repository for an
overview of all models. This sample size satisfies the rec-
ommended 5:1 subject-to-item ratio for factor analysis (44
items — N > 220) (Gorsuch 1983).

Procedure

We administered the winning inventory (see Supplementary
Material C for all items) selected in Phase 1 to all N models.
Models were instructed to output only a number between 1
and 5 (or 5 and 1 for reversed option order), indicating the
extent to which they agree with an item. Via standardized
API calls, we collected five identical repetitions per prompt
in random order and at default temperature (see Supplemen-
tary Material D for implementation details). This produced
a fully crossed design of N models x 44 items X 2 option
orders X 5 repetitions. Out-of-format responses and mod-
els with less than 200 valid outputs were excluded from all
subsequent analyses.

Statistical Analyses

Norms.  We tested the normality of score distributions us-
ing the Kolmogorov—Smirnov test. For each Big Five facet,
we computed means, standard deviations, and percentile
ranks across all NV models. We compared distributions with
human BFI norms (McConochie 2007).

Internal consistency.  We computed Cronbach’s o and
McDonald’s w for each of the Big Five facets (> .70 ac-



ceptable, > .80 good, > .90 excellent) (George and Mallery
2003).

Construct validity.  We specified a five-factor confirmatory
factor analysis (CFA) with maximum-likelihood estimation
to test the fit of the Big Five model. Model fit was evalu-
ated via CFI, TLI, RMSEA, and SRMR (good fit: CFI > .95;
TLI > 0.97, RMSEA, SRMR < .05) (Schumacker and Lo-
max 2004). If CFA model fit was poor, we additionally con-
ducted exploratory factor analysis (EFA) and parallel analy-
sis to find the optimal latent factor structure.

Secondary Analyses

Linear mixed model.  To assess which model character-
istics predict personality scores, we fitted a crossed-effects
linear mixed-effects model across all models, items, and rep-
etitions. The outcome y;;, was the score of model ¢ on item
7 and run r:

Yijr = Bo + P1 SizeGroup,; + (B2 ReleaseDate;
+ B3 Reasoning,; + 4 License;
+u; + v + wij + €ijr

ey

where u;, v, and w;; are random intercepts for mod-
els, items, and their interaction, respectively. The residual
error (g45,) included stochastic variation across repeated
runs. SizeGroup was a categorical predictor of parameter
size (small, medium, large, or undisclosed). ReleaseDate
was a continuous variable measuring time in days since
model release. Reasoning and License were binary indi-
cators of reasoning capability (yes/no) and license (open-
weight/proprietary), respectively. We fitted separate models
for each individual Big Five facet.

Base vs. instruction-tuned models.  To test whether ob-
served Big Five scores reflect alignment training rather than
personality-like behavior, we compared base models with
their instruction-tuned counterparts across 20 model pairs
including Qwen, Gemma, Llama, Mistral, Ministral, Olmo,
Granite, and Falcon models with 1B to 35B parameters. For
each pair we calculate score differences (AM = IT —Dbase).
Architecture and pretraining were being held constant and
only the alignment fine-tuning changed.

Exploratory profile comparisons.  Building up upon the
linear mixed model, we compared Big Five score distribu-
tions across six model characteristics: license type (propri-
etary vs. open-weight), reasoning capability (true vs. false),
geographic origin (US, China, Europe), number of param-
eters (only open-weight models), and release year. For cat-
egorical groupings we used Kruskal-Wallis tests with pair-
wise Mann—Whitney U follow-ups.

All analyses were conducted in R (version 4.5.2) (R Core
Team 2021) and Python (version 3.14.2) (Python Software
Foundation 2024; van Rossum 1995). All materials, analy-
ses, measures, and data are available on GitHub.
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Inventory M S-CVI  AC2
BFI-44 2.61 .54 .50
IPIP-NEO-120  1.89 .29 .68
MPI 1.90 .29 .67
BFI-LLM 3.73 93 .80
LMLPA 393 98 .94

Table 1. Expert ratings of suitability to chatbot respondents.
M = mean of expert ratings; S-CVI = scale-level content va-
lidity index (average proportion of items rated > 3); AC2 =
Gwet’s AC2 inter-rater agreement coefficient. Higher values
indicate greater LLM suitability.

5 Results

5.1 RQ1: Do Big Five Inventories Meaningfully
Describe LLMs?

To assess whether items from human personality inventories
can be used to describe LLMs, we conducted an expert eval-
uation and pilot study.

Expert Evaluation

All inventories showed high suitability to the targeted
OCEAN facet (M > 3.82, S-CVI > .96, AC2 > .88) and
high clarity (M > 3.72, S-CVI > .99, AC2 > .63), indicating
that the items captured the intended personality dimensions
and were clearly formulated (Tables 4 and 5, Supplemen-
tary Material E). However, the suitability of items to LLM
respondents differed strongly across inventories.

Table 1 summarizes the expert ratings of suitability to
LLMs. The two established human inventories scored be-
low the acceptable thresholds. Neither IPIP-NEO-120 (S-
CVI = .29) nor BFI-44 (S-CVI = .54) met the required S-
CVI > .80. Out of the LLM-adapted inventories, the MPI did
not reach sufficient content validity (S-CVI = .29). The BFI-
LLM (S-CVI = .93) and LMLPA (S-CVI = .98) both reached
high suitability ratings with substantial and almost-perfect
inter-rater agreement of AC2 = .80 and .94, respectively.

To conclude RQ1, LLM-adapted Big Five personality test
items can be valid descriptive summaries of LLM behavior,
as judged by domain experts. Established human invento-
ries showed insufficient content validity, but two out of three
LLM-adapted inventories reached sufficient content validity
expert ratings. Both the LMLPA and BFI-LLM proceeded to
subsequent analyses.

Pilot Study
We tested seven prompt templates and compared the two fi-
nalist inventories (BFI-LLM, LMLPA) on a mini-sample of
nine LLMs to identify the optimal instrument and prompt.
The BFI prompt template yielded the best rating over all
categories (% refusal = 0.97%, variance across repetitions
= 0.35, average correlation between two inventories = (.79,
keying sensitivity = 0.23, and Cronbach’s a: = 0.90) and was
adopted as the prompt template in Phase 2 (Table 6, Sup-
plementary Material F). Out of the two finalist inventories,
both the BFI-LLM and LMLPA scored low refusal rates:
3.25% and 3.31%, respectively. However, the BFI-LLM out-
performed the LMLPA on rank-order stability (average cor-



relation across templates (r = .80 vs. .49), and internal con-
sistency (o = .82 vs. .65) (Table 7, Supplementary Material
F). Thus, the BFI-LLM inventory was selected for Phase 2.

5.2 RQ2: Do Big Five Inventories Capture
Differences Between LLMs?

To address RQ2, we conducted a large-scale administra-
tion of the best-performing Big Five inventory and analyzed
LLM responses using measures of distributional properties
and variability, including normality, means, standard devia-
tions, quartiles, and variance decomposition.

Descriptive Statistics and Refusal Rates

The sample consisted of N = 264 LLMs. We collected 440
responses (44 items x 2 response option orders x 5 repeti-
tions) per model, yielding a total of 116,160 responses, out
of which 104,326 (89.81%) were valid. 17 models were ex-
cluded from the analyses due to high refusal rate and missing
values (< 200 valid responses). This led to a final sample of
N = 247 LLMs spanning 50 model families. Models origi-
nated from three main regions: the United States (N = 113;
GPT, Llama, Gemma, Grok, Claude, Gemini, and more),
China (N = 97; Qwen, GLM, DeepSeek, Seed, MiniMax,
Kimi, MiMo, and more), and France (N = 25; Mistral), as
well as other or unspecified regions (N = 12). It included
both proprietary (N = 109) and open-weight (N = 138)
models of varying sizes (0.6B — 1020B parameters, if dis-
closed), reasoning (N = 92) and non-reasoning (N = 155)
models. Release dates spanned July 2023 to April 2026.

Normality

Figure 1 depicts the Big Five score distributions of all
models. Kolmogorov-Smirnov tests revealed non-normality
for Openness (D = 0.092, p = .029), Conscientiousness
(D =0.136, p < .001), Agreeableness (D =0.176, p < .001),
and Neuroticism (D = 0.105, p = .008). Only the facet Ex-
traversion (D = 0.041, p = .794) was approximately nor-
mally distributed. Distributions are not centered, but skewed
towards the socially desirable ends of their scales.

Means and Standard Deviations

We compared LLM means (M) and standard deviations
(SD) against human normative baselines from the adult
BFI-44 normative sample reported by McConochie (2007)
(76,413 participants; 57% women; age 15-65). LLMs re-
sponses exhibited systematically shifted score distributions,
with higher scores in Openness (LLMs: M = 3.74 wvs.
H: M = 3.24), Conscientiousness (LLMs: M = 4.06 vs.
H: M = 3.74), Extraversion (LLMs: M = 3.67 vs. H:
M = 3.53), and Agreeableness (LLMs: M = 4.03 vs. Hu-
mans (H): M = 3.95), but lower scores in Neuroticism
(LLMs: M =2.07 vs. H: M =2.85). Moreover, trait variance
was substantially reduced in LLMs (SD range: 0.45-0.58 in
LLMs vs. 0.65-0.89 in humans).

Variance Decomposition

The random-effects variance decomposition of the mixed-
effects model confirmed this pattern. Between-model dif-
ferences explained the smallest proportion of the total vari-
ance in OCEAN scores (Table 2), with only 7% to 17% of
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~2 ~2 ~2 ~2

Omodel Oitem Omodel:item Ores
O 022(17%) 0.17(13%) 0.38 (30%) 0.53 (41%)
C 0.14(10%) 0.27(19%) 0.52(37%) 0.47 (33%)
E 009 (%) 0.2014%) 0.5741%) 0.53 (38%)
A 012(7%) 05233%) 0.5333%) 0.4327%)
N 0.1209%) 0.20(16%) 0.4536%) 0.48 (38%)

Table 2. Variance decomposition of the linear mixed mod-
els for each Big Five trait. Percentages indicate the propor-
tion of explained variance by each component compared to
the total variance. O = Openness, C = Conscientiousness,
E = Extraversion, A = Agreeableness, N = Neuroticism.

total score variance explained by model differences. Item-
level variance and model-item interaction explained up to
33% and 41% of the total variance, respectively. Models re-
sponded differently to specific items but overall still exhib-
ited similar personality profiles. Finally, residual variance
accounted for up to 41% of total variance, suggesting that
there is unexplained variation across individual responses,
not captured by model or item effects. Overall, response
variability was primarily driven by item formulation, item-
specific interpretation, and randomness across repetitions,
rather than than stable differences between models.

The analyses to address RQ2 provide strong evidence that
Big Five scores do not meaningfully differ across LLMs.
Score distributions were shifted toward socially desirable
ends, characterized by elevated Openness, Conscientious-
ness, Extraversion, and Agreeableness, and reduced Neu-
roticism. Between-model variance accounted for only 7% to
17% of the total variance, while item identity, model—item
interactions, and residual stochastic variation accounted for
the majority of observed differences in OCEAN scores.
Compared to human norms, LLM responses also exhibited
reduced variance and non-normal distributions for four of
the five traits. These results indicate that Big Five invento-
ries do not capture meaningful differences between LLMs.

5.3 RQ3: Do Big Five Inventories Reflect The Big
Five Structure in LLMs?

To tackle RQ3, we assessed whether LLMs’ Big Five re-
sponses reflect coherent, internal factors through measures
of internal consistency and factor analysis.

Internal Consistency

Cronbach’s « reached good internal consistency for Open-
ness (¢ = .86), Conscientiousness (« .81) and Neu-
roticism (« .81). Agreeableness (« .76) showed
acceptable internal consistency and Extraversion fell below
conventional acceptable levels (« .61). McDonald’s w
estimates resulted in ultra-Heywood solutions for all scales
except Conscientiousness and are therefore not reported.

Factor Structure

We conducted a five-factor confirmatory factor analysis
(CFA) at the item level, using a model-by-item data ma-
trix (247 models x 44 BFI items). Each model contributed
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Figure 1: Big Five score distributions: Boxplots and histograms across all tested models. Dotted lines are human baseline values,
taken from a normative sample reported by McConochie (2007) (BFI-44; N = 76,413 participants; 43,540 women; age 15-65).
M = mean, SD = standard deviation, KS = Kolmogorov-Smirnov test.

Big Five Correlation Heatmap

Standardized covariance

Figure 2: Correlation heatmap retrieved from CFA with a
five-factor solution expected from the Big Five. O = Open-
ness, C = Conscientiousness, E = Extraversion, A = Agree-
ableness, N = Neuroticism.

one response per item, aggregated over the two option or-
ders and five repetitions. The CFA demonstrated poor model
fit (x2(892) = 6169.49, p < .001, CFI = .53, TLI = .50,
RMSEA = .17, SRMR = .32), indicating substantial devia-
tion from the hypothesized five-factor personality structure.
Thus, the standard Big Five model does not adequately cap-
ture the covariance structure of the LLMs’ responses.
Between-facet correlations for Extraversion, Agreeable-
ness, Conscientiousness, and Openness were very high
(r > .90, all p < .001), indicating near-complete collinear-
ity rather than separable dimensions (Figure 2). Neuroticism
showed weak to moderate negative covariances with the re-
maining four traits (r = -.20 to -.41, p = .090 to .002).
Furthermore, reverse-coded items frequently exhibited
weak or negative loadings on their respective latent OCEAN
factors, despite being recoded prior to CFA. On average,
reverse-coded showed substantially lower factor loadings
(M = 0.14, SD = 0.27), with 6 out of 16 (37.5%) failing
to reach statistical significance. In contrast, positively-keyed
items showed higher average factor loadings (M = 0.76,
SD = 0.28) with only 1 out of 28 items (3.6%) being non-
significant. These findings provide further evidence that Big
Five scores are influenced more by item formulation char-
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acteristics, such as negation and reverse wording, than by
model-specific latent factors.

We additionally conducted an exploratory factor analysis
(EFA). The scree plot with elbow-criterion suggested a two-
factor solution (Figure 5, Supplementary Material G), which
achieved improved but still inadequate model fit (*(859) =
2789.37, p < .001, TLI = .83, RMSEA = .10).

In summary, the internal consistency analyses indicate
that all facets except Extraversion achieved at least accept-
able reliability, with most reaching good levels. However,
the CFA results show that LLM responses do not match the
human-derived five-factor structure of personality. More-
over, even the best-fitting EFA solution failed to adequately
represent the structure underlying LLLM responses. These
findings suggest that self-reported Big Five responses from
LLMs do not organize into coherent, interpretable personal-
ity dimensions analogous to those observed in humans.

5.4 What Are Big Five Inventories Measuring?

The results of RQ1 — RQ3 suggest that Big Five inventories
do not measure human-like personality traits in LLMs. We
therefore conduct additional analyses to investigate which
patterns and artifacts may explain the structure observed in
LLM responses.

Base vs. Instruction-Tuned Models

To investigate whether alignment training is associated with
differences in Big Five scores, we compared the responses
of 20 base models with their instruction-tuned counterparts,
while holding architecture and pretraining constant. Table 3
reports aggregated mean differences and standard deviations
across the 20 pairs. Instruction-tuned variants scored higher
than their base counterparts on Openness, Conscientious-
ness, Extraversion, and Agreeableness, and lower on Neu-
roticism. This pattern suggests that instruction tuning is as-
sociated with shifts toward more socially desirable response
profiles in Big Five scores.

Predictors of Personality Scores
Table 8 in Supplementary Material H reports the fixed-effect



Trait AM  SD
Openness 0.12  0.75
Conscientiousness 0.44 0.59
Extraversion 0.24 0.64
Agreeableness 0.57 0.58
Neuroticism —-047 0.54

Table 3. Comparison of Big Five scores between base and
instruction-tuned (IT) models. AM = score of the IT version
minus score of the base version, averaged across [NV 20
model pairs. Positive values indicate higher scores in IT
models. SD = standard deviation across pairs.

estimates of all linear mixed models. Only model size signif-
icantly predicted all traits: small models scored significantly
lower than large and undisclosed models on Openness, Con-
scientiousness, Extraversion, and Agreeableness, but higher
on Neuroticism (Figure 3). Medium models exhibited a sim-
ilar but weaker trend for all traits except Openness.

Reasoning capability predicted higher Conscientiousness
and Agreeableness, and lower Neuroticism, but did not sig-
nificantly predict Extraversion or Openness (Figure 6, Sup-
plementary Material H). When controlling for all other pre-
dictors, release date negatively predicted Openness, Consci-
entiousness, and Agreeableness, and predicted higher Neu-
roticism. Although Figure 7 (Supplementary Material H)
shows a reverse trend toward more socially desirable scores
in more recently released models, this pattern could be
largely driven by the growing size, instruction-tuning, and
reasoning capabilities of models in more recent releases
shown in Figure 8 (Supplementary Material H). License was
non-significant across all traits.

Geographic Origin

Figure 9 in Supplementary Material H depicts the Big
Five score distributions for models grouped by geographic
origin: US, China, and France (represented by Mistral
only). Kruskal-Wallis tests revealed significant differences
in Agreeableness (H = 22.10, p < .001) and Conscien-
tiousness (H = 15.47, p = .019): both Chinese and US
models scored higher than French models. Chinese mod-
els additionally scored higher than US models on Agree-
ableness. Neuroticism showed the largest difference (H =
34.46, p < .001): French models scored higher than US
models, which scored higher than Chinese models. Extraver-
sion (H = 3.38, p = .185) and Openness (H = 2.11,
p = .348) showed no significant differences across regions.

Model Family

We found differences in Big Five profiles across model fam-
ilies (Figure 4). Out of all models, Grok models scored high-
est on Openness, Conscientiousness, and Extraversion (Per-
centile rank (PR) = 100, respectively), and lowest on Neu-
roticism (PR = 7). Seed models scored highest on Agree-
ableness (PR = 100). Olmo models scored lowest on Open-
ness, Conscientiousness, and Extraversion (PR = 7, respec-
tively). Gemma scored lowest in Agreeableness (PR =7) and
Llama scored highest on Neuroticism (PR = 100).
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Despite these differences, between-model variability ac-
counted for only 7% to 17% of total variance. This means
that even though there are some differences between model
families, these differences are small relative to other sources
of variance, such as item formulation. As the Big Five factor
structure was not confirmed by CFA, these trait labels and
achieved scores should be interpreted with caution.

6 Discussion

This paper examined whether three foundational character-
istics of personality traits hold when applying Big Five in-
ventories to LLMs: whether they (a) appropriately describe
LLMs, (b) capture meaningful differences between models,
and (c) reflect latent factors consistent with human person-
ality. Across all three dimensions, our findings provide lim-
ited support for applying human personality frameworks to
LLMs. We discuss the implications for Al governance and
the challenge of characterizing LLM behavior.

Content Validity Cannot Be Assumed

The two widely used human inventories (BFI-44 and IPIP-
NEO) showed insufficient content validity when applied to
LLMs. Two LLM-adapted inventories achieved acceptable
levels. Interestingly, the MPI, despite being designed specif-
ically for LLMs, performed similarly to human inventories.
The MPI is based on IPIP items, but its adaptation process
to LLMs is not described (Jiang et al. 2023).

These findings suggest that previous studies applying hu-
man Big Five inventories to LLMs without establishing con-
tent validity may have introduced measurement error. Be-
fore interpreting model scores as personality traits, measure-
ment instruments must first be shown to adequately repre-
sent the target population. Consequently, governance claims
that characterize models as “agreeable” or “conscientious”
based on such scores should be interpreted cautiously.

Big Five Scores Capture Few Model Differences

LLMs exhibited substantially lower variability in Big Five
scores than human normative samples. This finding aligns
with prior work showing reduced variance in personality
scores across LLMs (Huang et al. 2024). In line with Salecha
et al. (2024), models generally showed similarly high scores
on socially desirable dimensions, with only small differ-
ences across models and factors. The observed variance pat-
terns indicate that Big Five scores capture relatively little
variation attributable to model differences. Instead, response
patterns appear to be strongly associated with factors such as
item formulation and sampling variability. Thus, differences
in Big Five scores should not automatically be interpreted as
differences in underlying model characteristics.

Factor Structure Fails to Replicate Human Personality

Internal consistency was generally acceptable, suggesting
that items from the same facet measure a similar underly-
ing construct. However, CFA did not recover the five-factor
structure observed in humans. Most OCEAN dimensions
were highly correlated (r > .90), suggesting limited separa-
tion between the constructs. EFA produced a two-factor so-
lution, but model fit remained poor. Overall, LLM responses
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Figure 3: Big Five score distributions by model parameter scale (small (<10B), medium (10-100B), large (>100B), undis-

closed).
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Figure 4: Percentile ranks (percentage of model families
with lower scores) of Big Five (OCEAN) trait scores across
LLM families. A percentile rank of 50 indicates the median;
blue indicates values above; red indicates values below. (.)
denotes the number of models averaged for each model fam-
ily (minimum five). O = Openness, C = Conscientiousness,
E = Extraversion, A = Agreeableness, N = Neuroticism.

to Big Five inventories do not appear to organize according
to the same latent structure as human personality.

This finding is consistent with prior studies using different
inventories and sampling procedures. Peereboom, Schwabe,
and Kleinberg (2025) found no meaningful latent structure
in LLM responses using HEXACO with temperature sam-
pling, while Siihr et al. (2025) did not recover the expected
five-factor structure using BFI-2 with persona prompting.

Reverse-coded items provide additional insight into these
results. Despite recoding prior to analysis, negatively keyed
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items showed substantially weaker or negative loadings on
their intended factors. This pattern suggests that LLMs
might systematically process positively and negatively
keyed items differently. It may also contribute to why Neu-
roticism stands out as a relative distinct factor, as it is
largely defined by negatively worded items. These observa-
tions are consistent with known challenges in LLM process-
ing negations (Vrabcova et al. 2025) and prior findings that
reverse-coded personality items loaded on a separate factors
than positively coded items (Salecha et al. 2024), or LLMs
responding affirmatively to both positively and negatively
keyed items (Siihr et al. 2025).

Instruction-Tuning and Socially Desirable Patterns
Instruction-tuned models consistently exhibit higher scores
on Openness, Conscientiousness, Agreeableness, and Ex-
traversion, and lower scores on Neuroticism compared to
their base counterparts. These differences are most pro-
nounced for Agreeableness and Conscientiousness, and con-
sistent with a shift toward more socially desirable response
patterns after instruction-tuning. These patterns are consis-
tent across model families and might possibly explain why
recent and bigger models also score higher on these so-
cial desirable traits, as release date and size might be cor-
related with more instruction-tuned models. As instruction-
tuned models are typically designed to be helpful, honest,
and harmless, Big Five scores may primarily capture align-
ment of models to being a helpful assistant rather than stable
model-specific characteristics.

Differences in Region and Family Raise Governance
Questions

We observed systematic differences in Big Five scores
across model families and geographic origins. For example,
French models scored relatively higher on Neuroticism and
lower on Agreeableness and Conscientiousness compared to
US- and China-based model families. Grok models showed
among the highest scores on socially desirable dimensions.
However, these differences should not be interpreted as evi-



dence of distinct model personalities. They may reflect vari-
ation in training data, alignment practices, model size, re-
lease strategy, or safety objectives. Similarly, models such
as Olmo, Mistral, and Llama, which are often more open-
weight and less heavily instruction-tuned, showed weaker
socially desirable profiles. These observations are consistent
with prior work reporting stronger social desirability pat-
terns in larger and more instruction-tuned models (Tosato
et al. 2025). Overall, personality-like response patterns may
reflect institutional and technical design choices rather than
intrinsic properties of the models.

This distinction has important governance implications.
If Big Five scores partly capture differences in alignment
practices or cultural and institutional design choices, cross-
model comparisons based on these scores may be difficult
to interpret. Governance frameworks should therefore treat
such measurements as indicators of training and interaction
patterns rather than as direct measures of model personality.

Rethinking the Use of Human Personality Frameworks
For LLMs

Our findings suggest that Big Five inventories should not
be interpreted as measuring human-like personality traits in
LLMs. Applying human personality categories to artificial
systems risks attributing psychological properties that have
not been empirically validated. Such anthropomorphic in-
terpretations may contribute to users perceiving models as
having intentions, emotions, or understanding, with poten-
tial implications for persuasion and manipulation (Nass et al.
1993; Peter, Riemer, and West 2025).

Rather than asking whether LLMs have human personal-
ity traits, evaluations should focus on identifying character-
istics that are meaningful to describe these systems. Human
psychological frameworks provide useful evaluation proto-
cols and psychometric methods, but their frameworks re-
quire validation before being applied beyond the populations
for which they were developed.

Toward Valid Behavioral Characterization of LLMs
These findings highlight the need for evaluation frameworks
that are developed for LLMs, rather than adopting human
constructs without validation. Future work should identify
LLM-native constructs in terms of observable model behav-
ior rather than exclusively relying on self-reports of LLMs.
We hypothesize that LLMs might have inherent charac-
teristics that satisfy the six defining criteria of personal-
ity - even though they are not the Big Five. Potential can-
didates could include characteristics such as sycophancy,
prompt sensitivity, instruction-following consistency, ro-
bustness to context changes, and resistance to manipulation.
These constructs could satisfy some of the defining crite-
ria of personality-like characteristics while avoiding unsup-
ported claims about internal states. Importantly, they may
map directly onto practical governance concerns, including
safety calibration, reliability, and deployment robustness.
Developing and validating LLM-specific frameworks us-
ing systematic evaluation pipelines (see Section 4.1), should
therefore be a priority. As Al governance increasingly re-
lies on technical evaluations, including assessments under
the EU AI Act, measurement approaches require transpar-
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ent methodology and empirical validation. Human person-
ality frameworks that lack evidence of construct validity for
LLMs are unlikely to provide such assessments.

Limitations

Our work is not exempt of limitations. Content validity was
assessed by three expert raters, the established minimum
(Lynn 1986) but a small panel nonetheless. Two of the three
raters were authors of this study, which may introduce po-
tential bias in the reported agreement estimates.

The normative sample covers models available through
public APIs as of early 2026 and may not generalize to
future architectures or modalities, such as vision-language
models. Geographic comparisons are limited by the small
number of European models, and results for this region
should be treated as illustrative. The comparison between
instruction-tuned and base models might partly reflect
prompt sensitivity rather than the effect of instruction tuning
alone, as base models were mostly local models prompted
with an additional JSON constraint.

All inventory items, prompt templates, and model admin-
istrations were conducted in English. Findings may not gen-
eralize to other languages. Our analyses rely on self-reports,
a format that may not capture actual behavioral tendencies.
The independence (iid) assumption underlying our dataset is
imperfect, models within the same family share architecture
and training data, meaning responses may be correlated.

Our evaluation focuses on the first three characteristics of
the proposed evaluation pipeline. While these might provide
important evidence against applying human Big Five inven-
tories to LLMs, future work should examine temporal stabil-
ity, cross-situational consistency, and behavioral relevance
through longitudinal assessments and behavioral validation.

7 Conclusion

This paper examined whether Big Five inventories can be
validly applied to LLMs by testing the assumptions under-
lying this transfer. While LLM-adapted items achieved suf-
ficient content validity, Big Five scores showed few differ-
ences between models and failed to reproduce the human
five-factor structure. Instruction-tuned model variants also
exhibited more socially desirable profiles than their base
counterparts. These findings suggest that Big Five invento-
ries do not capture human-like personality traits in LLMs.
Because personality scores are increasingly used to
benchmark, compare, and govern Al systems, relying on un-
validated human constructs risks misleading interpretations.
Future evaluation frameworks should prioritize LLM-native
constructs, validated measurement instruments, and behav-
ioral assessments rather than human self-report analogues.
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