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Abstract: This study investigates an approach to test a key requirement for using large language models (LLMs) to simulate
valid data sets of item-responses, namely the effect of trait induction on another related construct. Using OpenAl’'s GPT-4,
we used zero-shot prompting to induce high- and low-agreeableness profiles in the model’s output. We then investigated, in
terms of convergent construct validation, the effect of trait induction on another theoretically and empirically related
construct: emotion understanding (EU). To measure EU, we utilized a situational judgment test developed to test LLMs. Using
n =680 simulated data sets, we show that a prompt on a trait (agreeableness) has a plausible effect on unprompted behavior
in a skill (EU). These results provide initial support for evaluating the effects of trait induction through methods of convergent
construct validation when assessing LLM-generated responses, and for using LLMs to generate data for foundational steps

of psychometric test development.

Keywords: silicon sampling, large language models, psychometrics, personality traits, construct validity

Generative artificial intelligence (Al), in particular large
language models (LLMs), offers a wide range of use cases for
psychological sciences. These potential applications of LLMs,
including their potential benefits and shortcomings, as well as
areas requiring further research, are discussed in the relevant
literature (e.g., Demszky et al., 2023; Ke et al., 2025). For the
construction of items for psychometric performance tests and
questionnaires, LLMs have been suggested as useful tools
(Lee et al, 2023; Tan et al.,, 2024). Although the idea of
automatic item generation was first proposed in the 1970s
(Bormuth, 1970), algorithmic and machine learning ap-
proaches to generate new test items have only relatively
recently been proposed (Gierl & Haladyna, 2013; Gierl & Lai,
2012). Early work in the emerging field of research on the use
of Al in test development suggests that LLMs show promising
results for item generation in psychometric assessments (e.g.,
Lee et al., 2023), potentially streamlining the process of item
generation (Tan et al., 2024).

In this study, we present a use case for LLMs that goes
beyond the already discussed generation of new items,
namely the generation of simulated data to support the
process of test development. The benefits of such
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simulations for psychological assessment are significant -
they may allow preliminary estimates of item and scale
parameters early in the test development process (cf. Liu
et al., 2025). This includes item parameters such as dif-
ficulty and discriminatory power, as well as scale pa-
rameters such as reliability and validity. LLM-generated
item and test responses may also offer early indications of
measurement invariance (cf. Borsboom, 2006). Further-
more, they could support initial indications of differential
item functioning (cf. Holland & Wainer, 2009), provide
preliminary estimations of convergent and discriminant
validity, and enable simulations of multivariate predic-
tions. Thus, LLM-generated item responses could support
item selection and provide valuable information for pos-
sible scale reductions and extensions.

A key advantage of this approach would be the ability to
pretest a large number of items without the need for
human participants, which would be particularly ad-
vantageous given that answering items can be cognitively
demanding (e.g., ability tests) or associated with emo-
tional distress (e.g., tests assessing suicidality and sub-
stance abuse). Instead of using LLMs with their default
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profile, a precise prompt defining target traits could
enable the simulation of responses from diverse sub-
populations, including individuals differing in demo-
graphic characteristics (e.g., age, gender, cultural
background), members of underrepresented or vulner-
able groups (e.g., persons with migration background,
military personnel), individuals with varying levels of
latent traits (e.g., intelligence or personality), and par-
ticipants in different testing contexts (e.g., high- vs. low-
stakes situations or under conditions prone to faking; see
Griffith et al., 2007; Ziegler et al., 2015). In addition,
LLMs may be able to adopt specific situational roles
relevant to the construct being measured. For instance,
reactions to experiences of injustice vary depending on
whether a person is positioned as a victim, perpetrator, or
observer (Groskurth et al.,, 2023), roles that could be
simulated using LLMs. In summary, this approach may
generate insights early in the process of test develop-
ment, enable greater cost and time efficiency, and reduce
the burden on human participants.

Theoretical Background

A key prerequisite for the approach described above is the
ability to shape the output of LLMs to (1) answer psycho-
metric test items formally correct and technically sound, (2)
emulate a realistic and sample-specific distribution of out-
puts, and (3) reflect interactions between sample-specific and
construct-specific characteristics. The proposed approach of
using LLMs for pretesting items builds on a growing body of
research that explores how LLMs respond to psychometric
tests. Although psychometric tests and inventories are de-
veloped and intended for use in human populations, the idea
to use them to evaluate the output of LLMs has been put
forward repeatedly (e.g., Caron & Srivastava, 2022; Jiang
et al., 2024; Karra et al., 2023; Pellert et al., 2024). Howevet,
this approach has also been met with skepticism, questioning
the validity, technical reproducibility, and applicability of
psychometric tests for evaluating the outputs of LLMs (Song
et al,, 2023; Siihr et al., 2024; Wang, Jiang, et al., 2023).
Given those concerns, another possible approach is to
prompt an LLM to emulate certain characteristics, for
example, high values in agreeableness, not evaluating the
baseline trait profile, but inducing a trait profile (Caron &
Srivastava, 2022; Jiang et al., 2024). By adjusting the trait
profile, LLMs can be tailored to different user needs (Chen
et al., 2024; Kong et al., 2024). Prior works have shown
that traits related to latent constructs such as personality
can be induced into the output of LLMs (Jiang et al., 2024;
Serapio-Garcia et al., 2023). In the context of item pre-
testing, using LLMs, such inductions of trait profiles are
relevant for emulating a specific distribution of known
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traits, representative of a specific target population. In this
strategy, the LLM and its trait profile are not the object of
research but are used as a tool to flexibly replicate different
populations for purposes such as item pretesting.

To enable this approach, LLMs must emulate trait
profiles not just within a defined (e.g., prompted) con-
struct, but in other related constructs as well. This cross-
construct influence is a key requirement for using LLMs to
administer pretests. A valid simulation of a specific trait
profile (e.g., as a part of a specific population of interest)
must therefore go beyond explicitly prompted behaviors
(corresponding to defined constructs) and impact other
constructs in a theory-consistent manner. This must be
reflected in the output of the LLMs, for example, in an-
swers to test items designed to measure a related but
distinct (not explicitly prompted) construct. One way of
validating such cross-construct influence would therefore
be to investigate whether the induction of specific trait
profiles also leads to measurable changes in items or test
scores that aim to measure a construct that is not explicitly
prompted, but theoretically and empirically connected in
the human target population. This approach is equivalent
to assessing the construct validity of a test by ascertaining
convergent validity: We locate the latent variable of in-
terest in the nomological network and check whether the
data sets simulated by the LLM, which reflect the expected
(response) patterns in one test, show (response) patterns in
line with expectations in another test. To apply this ap-
proach, we examine the correlation between the person-
ality trait agreeableness, a factor of the five-factor model of
personality (Goldberg, 1992), and emotion understanding
(EU), a facet of emotional intelligence (EI; Mayer et al.,
1999, 2016).

The strength of this correlation provides an initial indi-
cator of construct validity. Additionally, following Cronbach
and Meehl’s (1955) suggestion to assess group differences,
we can further substantiate construct validity by comparing
EU scores between (simulated) data sets of item responses
characterized by low and high agreeableness. Following this
argument, differences in mean EU scores between these
extreme groups would serve as evidence of construct val-
idity (Cronbach & Meehl, 1955, p. 8).

Personality and Emotion Understanding

The five-factor model of personality (Big Five, OCEAN
traits) is a widely adopted and replicated factor structure of
personality traits in humans (Goldberg, 1992; Paunonen,
2003; Schmitt et al., 2007) and is often used in works on
trait profiles of LLMs. For example, Jiang et al. (2024)
created different prompt configurations to induce per-
sonality traits into the output of LLMs by splitting each
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five-factor trait into high and low expressions, and addi-
tionally prompted the LLMs to answer as male and female
personas. When LLMs were then prompted to complete a
questionnaire assessing the five factors (BFI-44; John
et al., 1991; John et al., 2008), their responses aligned
with the expected personality traits (Jiang et al., 2024).
Other studies align with this finding (Caron & Srivastava,
2022; Serapio-Garcia et al., 2023).

The second construct of interest is emotion under-
standing (EU), a factor of the four-factor model of emotional
intelligence (EIL; Salovey & Mayer, 1990) defined as the
ability to label and reflect on emotions, as well as under-
standing their origins and effects (Joseph & Newman, 2010;
Mayer et al., 2016). The other three factors in the four-factor
model of EI (Perceiving, Facilitating, and Managing
emotions) were not necessarily considered applicable to
LLMs because they do not process internal cognitive or
emotional states (Wang, Li, et al., 2023).

Different studies report a significant overlap between
(trait) EI and the general factor of personality (GFP), a
higher-order factor of personality that captures shared
variance among personality traits such as the five-factor
traits (Pérez-Gonzalez & Sanchez-Ruiz, 2014; van der
Linden et al., 2017). Schulte et al. (2004) reported that
intelligence and personality, particularly agreeableness,
explained R? = .34 (R? = .41 including sex) of the variance in
El, while other studies report an overlap of over 50% be-
tween combined five-factor traits and trait-EI (Petrides
et al., 2010). Kokkinos and Voulgaridou (2024), among
other studies (e.g., Petrides et al., 2010; van der Zee et al.,
2002), showed that EI is positively associated with non-
neuroticism five-factor model traits (openness, conscien-
tiousness, extraversion, and agreeableness) and negatively
correlated with neuroticism. Among these traits, agree-
ableness is of particular interest because it reflects ten-
dencies toward empathy, cooperation, and consideration of
others (Wilmot & Ones, 2022) - qualities that are con-
ceptually central to EU.

The Present Study

In this study, we aim to provide an initial proof of concept
for validating the induction of trait profiles in LLMs by
applying the methods of convergent validation and ex-
treme group validation to quantify implicit (not explicitly
prompted) cross-construct influence. We therefore aim to
(1) conceptually replicate existing attempts to induce
LLMs with specific trait profiles based on contrasting
gender and agreeableness (female-high, male-low) ex-
pressions and (2) validate the trait-induction by measuring
and comparing scale scores on a theoretically and em-
pirically related construct, namely EU, between the two
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contrasting groups. Gender was included alongside
agreeableness to ensure that the extreme groups differed
not only in personality but also in demographic charac-
teristics, increasing a theoretically and empirically plau-
sible contrast between the two extreme groups: Studies
consistently report that agreeableness scores differ by
gender, with females typically scoring higher than males
(Feingold, 1994; Schmitt et al., 2008; Weisberg et al.,
2011). Other studies examining gender and ability EI
suggest that females, on average, score higher than males
on ability-based EI measures, including EU subscales
(Cabello et al., 2016; D’Amico & Geraci, 2022). Further-
more, a meta-analysis by Joseph and Newman (2010)
found that gender had an effect of d = 0.52 on
performance-based EI and d = 0.31 on EU, with both ef-
fects favoring females.

To the best of our knowledge, no study has been pub-
lished on the relationship between an induced trait profile
and EU in LLMs. To interpret the results of the validation
as accurately as possible, we try to minimize the common
method variance. In the following, we therefore do not
consider data from different questionnaires, but vary the
method in the sense of Campbell and Fiske (1959). As an
indicator of convergent validity, we consider the corre-
lation with a measured value that records a similar con-
struct using a different method, namely a performance
test. We measure EU with the Situational Evaluation of
Complex Emotional Understanding test (SECEU), a test by
Wang, Li, et al. (2023) that operates like a situational
judgment test (cf. MacCann & Roberts, 2008).

Materials and Methods

Design

Since OpenAI’s ChatGPT is one of the most prominent LLM
interfaces in terms of total usage (Bailyn, 2025), we con-
ducted the experiment using GPT-4, which served as the
platform’s underlying LLM at the time of data collection.
Focusing on this widely benchmarked model ensures that
our findings remain easily interpreted and comparable. The
study followed a two-step approach: In the first step, the LLM
completed a classic self-description questionnaire on the
five-factor model of personality and a situational judgment
test on EU, using a neutral group without any trait-profile
induction (details below). The LLM was prompted to select
the level of agreement with the provided statements, using
zero-shot prompting. Zero-shot describes a scenario where
no further context aside from the prompt itself'is provided to
the model, and it is expected to provide a result only relying
on its general embedded knowledge (Kojima et al., 2023; Kong
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Data Collection -

1) Generation of batch files

One prompt (zero-shot) per BFI-44 & SECEU
item per simulated dataset.
(N =680 simulated datasets * 84 testitems
=57,120 API calls).

Verification of...
* JSON-format

Preprocessing »

3) Data Validation

number of key-value pairs

Analysis

5) Manipulation Check

Comparisons of agreeableness scores
between groups:

: : Low vs. High
* format of key-value pairs
Neutral Low High +  sum of the probability values Low vs. Neutral
(n=136) (n=272) (n=272) X
Item prompts item prompts Item prompts * High vs. Neutral
with no ,trait prefixed with prefixed with
induction® prompt for prompt for
low A. and high A. and
male gender female
gender
4) Data Aggregation 6) Convergent Validation
e rfica] ‘ Convergent Validation of trait induction in
erification of... i
faai groups Low and High, as a proof of
2) Submission to OpenAl * Calculation of BFl-44 scores concept for cross-construct influence:
: * Calculation of SECEU scores » Correlation of agreeableness scores
The pre-generated batch files were +  Aggregation into N = 680 complete and SECEU scores.

submitted to GTP-4 via OpenAl’s API.
The resulting output was downloaded for
further processing.

sets of responses

* Extreme Group Validation using a
comparison of SECEU scores in
groups Low vs. High

Figure 1. Overview of the study workflow and data processing. A = agreeableness score; BFI-44 = Big Five Inventory-44; SECEU = situational

evaluation of complex emotional understanding.

et al., 2024). We deliberately chose to (1) not use few-shot
prompting, (2) not use a fine-tuned LLM, or (3) not include
varied, niche (e.g., open source) LLMs, to remain focused on
a proof of concept, rather than comparing different LLMs,
prompting strategies, or contexts.

In a second step, the method of extreme group vali-
dation (cf. Cronbach & Meehl, 1955) was applied. In this
step, the model was prompted to output answers that fitted
to one of two opposite levels of gender and agreeableness
(female-high, male-low; see Table S1). Figure 1 shows an
overview of the study workflow and data processing.

Materials

To assess agreeableness, the complete BFI-44 (John et al.,
1991; John et al., 2008), a classic self-description question-
naire with 44 items and a five-point Likert agreement scale,
was used. The consistency was a = .83 over all five subscales.
The agreeableness subscale of the BFI-44 consists of nine
items with a consistency of a = .79 (John et al., 2008). To
generate the prompt based on the BFI-44, the original in-
structions were modified: The example statement was ex-
cluded, and the model was prompted to return a JSON object
as the output and a probability distribution as the answer,
following Pellert et al. (2024). This method is more in line
with the second test (see the following paragraph) and allows
the zero-shot output to convey more information per item.

© 2026 The Author(s). Distributed as a Hogrefe OpenMind article

Since only EU of the four-factor model of EI has been
deemed as conceptually applicable in LLMs, Wang, Li,
et al. (2023) developed a 40-item test to measure EU in
human populations and LLMs, the Situational Evaluation
of Complex Emotional Understanding (SECEU). The SE-
CEU is a situational judgment test with 40 items (situa-
tions) and four response options each, for which a total of
10 points must be allocated. The SECEU was used ac-
cording to the instructions reported by the authors. Table
S1 shows the texts used to prompt the BFI-44 and SECEU.

Technical Considerations

All prompts were submitted to gpt-4-1106-preview in May
2024, using OpenAl’s API via pregenerated batch files. To
keep a decent level of variance, the temperature parameter
was set to 0.7, following Jiang et al. (2024). Each item was
submitted on its own (zero shot).

Sample

For step one (conceptual replication), n = 136 full data sets,
including 84 items each (44 for the BFI-44 and 40 for the
SECEU), were sampled. For step two (trait profile induc-
tion), a power analysis using G*Power (Faul et al., 2009)
was conducted. Based on the gender-related effect size of
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d = 0.31 for EU (favoring women, corrected for attenua-
tion) reported by Joseph and Newman (2010), a power
analysis for a two-tailed ¢ test with independent groups
resulted in a required sample size of n = 544 full data sets
(272 per group; a = .05; power = .95). In total, N = 680 full
data sets were generated.

Data Analysis

The resulting data were downloaded and aggregated using
custom Python scripts to prepare for data analysis. Sta-
tistical calculations were done using IBM SPSS Statistics
(version 29).

Preprocessing and Data Validation

The data provided by OpenAl was downloaded and
checked for integrity by verifying the JSON format, the
number and format of key-value pairs, and the sum of the
provided probability values. In total, n = 55 item responses
(0.1%; BFI-44: 37, SECEU: 18) were excluded from
analysis (invalid JSON: 2; invalid key-value pairs: 27; in-
correct sum: 26).

Item scores for the SECEU were calculated with for-
mulas and norms generated by a human sample provided
by Wang, Li, et al. (2023). Lower SECEU scores indicate a
similar-to-human distribution of points across the possible
answer options (i.e., less deviation from how humans tend
to allocate points across the options; thus reflecting better
performance in our evaluation). By contrast, larger SECEU
scores indicate greater divergence from the human dis-
tribution. BFI item scores were calculated by taking a
weighted average of the response options (1-5) using the
output probabilities as weights. Higher values indicate a
higher level of agreeableness. The data were then ag-
gregated into complete sets of responses.

While the model consistently followed the prompted
output structure, item-level responses (e.g., SECEU point
distributions or BFI-44 probability weights) and scale-level
scores varied due to the temperature setting of 0.7, resulting
in some expected variability in item scores. Measures of
variability of item and scale scores are shown in Table S2.

Questionnaire Scores and Statistical Calculations

SECEU and BFI-44 subscale scores were calculated fol-
lowing the authors’ instructions and were calculated only if
there were no missing values for any of the items required
for the calculation. To evaluate the success of combined
gender and agreeableness profile induction within the
same construct in step one, the distribution of agree-
ableness scores was compared across all three groups
(neutral, high, low). Significant omnibus results were
followed by post hoc tests for all pairwise comparisons (low

Psychological Test Adaptation and Development (2026), 7, 156-166

vs. high, low vs. neutral, and high vs. neutral; three
comparisons in total). Bonferroni’s method was used to
adjust p-values for these comparisons.

To validate the induction of the profile using the con-
vergent validity method, the correlation between the
agreeableness and SECEU scores was calculated. This
correlation was computed for the high and low groups
only, as no profile induction was conducted in the neutral
group. The remaining scores of the BFI-44 were not used
for convergent or divergent validation, because our proof
of concept focuses on the validation of cross-construct
influences, which are a key requirement for accurately
simulating populations, e.g., for pretesting items. The
distribution of SECEU scores of groups high and low was
compared to assess convergent validity via group differ-
ences. All tests were two-tailed and used a significance
level of p < .05.

Results

To test normality and homogeneity of variances, the
Shapiro-Wilk test and Levene’s test were conducted.
Results are shown in Tables S3 and S4. The Shapiro-Wilk
test yielded significant results for the agreeableness
scores (high and neutral group) and for the SECEU scores
(low group), indicating a violation of normality in these
groups. Levene’s test yielded significant results for the
agreeableness scores, indicating differences in variance
across groups. Therefore, a nonparametric Kruskal-
Wallis test was conducted to compare the distribution of
agreeableness scores across groups to assess whether the
induction of combined gender and agreeableness profiles
was successful. The test indicated statistically significant
differences across groups, H(2) = 584.26, p < .001],
n? = .86.

Subsequently, post hoc tests (Dunn-Bonferroni tests)
were conducted for all pairwise comparisons, and Bon-
ferroni’s method was used to adjust p-values for multiple
comparisons. The results indicated statistically significant
differences between all three groups (see Table 1), which
provide evidence for successful profile induction.

As a measure of convergent validity, Spearman’s rho
was calculated between the agreeableness scores and
SECEU scores. As expected, the analysis showed a sig-
nificant negative correlation between the scores (7 = —.35,
p<.001,n=528,95% CI [—.43, —.27]). The results suggest
a medium-sized effect according to Cohen (1992), which
provides evidence for convergent validity, supporting the
notion that induced variations in agreeableness and
gender are meaningfully associated across the two mea-
sures and constructs.
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Table 1. Manipulation-check: Post hoc pairwise comparisons of the distribution of agreeableness scores across groups

Groups compared (Mdn) D z Peorr b 95% ClI

L (2.53) versus H (4.05) 405.97 2471 <.001 —1.0002 [-1.000, —1.000]
L (2.53) versus N (3.54) 203.07 9.823 <.001 —.995 [-.996, —.994]
H (4.05) versus N (3.54) 202.90 9.815 <.001 .995 [.993, .996]

Note. D = Dunn’s test statistic; z = standardized test statistic; peorr = two-tailed asymptotic p-value, corrected for multiple (three) comparisons using
Bonferroni’'s method; r,, = effect size calculated as a rank-biserial correlation with ry, = Z(E - @)/(m +n,), where R is the mean rank of the group based on
pairwise comparisons and n denotes the sample size of each group; Cl = 95% confidence interval approximated via Fisher’s z-transformation, for |r,,| = 1.000,
the interval reflects the boundary of the effect space; N = neutral group (n =136); L = low group (n = 272); H = high group (n = 272). Allcomparisons are significant
at peorr < .001. @Indicates total separation (complete stochastic dominance), where the score distributions of the two compared groups do not overlap,
resulting in a maximal effect size of |r,,| = 1.000 and a constant confidence interval.

Comparisons of the distribution of SECEU scores be-
tween groups high and low were conducted via a Mann-
Whitney U test to further assess construct validity. The
results indicated statistically significant differences be-
tween the high group (n = 264, Mdn = 2.04) and the low
group (n = 264, Mdn = 2.10; U = 18,995.00, z = —9.044,
p < .001, r = .39), with scores differing in the expected
direction.

Discussion

This study provides an initial proof of concept for validating
the induction of traits into the output of LLMs through the
framework of construct validation laid out by Cronbach and
Meehl (1955). This approach uses a theoretically and em-
pirically supported connection between two constructs -
here, agreeableness and emotion understanding (EU) - to
provide evidence for a key prerequisite to use LLMs in test
development (e.g., for item pretesting): cross-construct in-
fluence. The results indicate that GPT-4 can be prompted to
simulate psychometric test-taking behaviors consistent with
induced trait profiles and exhibit theoretically expected
cross-construct influences on emotion understanding in a
situational judgment test.

In recent years, an increasing amount of research has
explicitly examined the potential of large language models
(LLMs) to act as artificial respondents in psychological and
social science research. For instance, studies have inves-
tigated whether LLMs can complete standardized per-
sonality inventories, revealing both their potential and
their limitations (Pellert et al., 2024; Petrov et al., 2024;
Wang et al., 2024; Zhao et al., 2025). In one psychometric
analysis, researchers prompted LLMs to adopt different
personas and respond to Big Five questionnaires, finding
that psychometric properties of the generated data were
highly influenced by the used model and prompt design,
challenging the usefulness of LLM-generated data in
psychological  sciences (Petrov et al, 2024).

© 2026 The Author(s). Distributed as a Hogrefe OpenMind article

Complementing this, a recently proposed psychometric
benchmarking framework covered multiple psychological
dimensions, suggesting that although LLMs can manifest a
broad spectrum of psychological attributes, their self-
reported traits can differ markedly from their behavior,
revealing notable inconsistencies in their psychological
profiles (Liet al., 2024). Moreover, multiple different works
identified key challenges (e.g., measurement invariance,
social-desirability bias, overanthropomorphizing) and
outlined future research directions (e.g., adapting human
psychological constructs for LLMs, applying item response
theory; Argyle et al., 2023; Ye et al., 2025).

Our study extends this line of research by examining
whether LLM-generated data can reproduce the structural
properties that are characteristic of human response
patterns. Using a multitrait multimethod framework, we
investigate the extent to which the construct relations
produced by the models align with the theoretically and
empirically  established nomological network of
human data.

Theoretical and Practical Implications

By inducing combined gender and agreeableness profiles
and observing a medium-sized correlation with emotion
understanding scores, our results support the much-
discussed notion that LLMs can be used as flexible tools
to simulate latent traits in their output and are not mere
reflectors of their baseline dispositions. This approach
mirrors the framework of convergent validation laid out by
Cronbach and Meehl (1955), situating simulated data sets
and confirming that induced behaviors on one construct
influence related constructs within the nomological
network.

Our work builds on prior uses of technology for item
generation - both traditional automatic item generation,
which has primarily focused on item content creation using
templates and cognitive models, and recent studies ap-
plying generative Al to create psychometric items. Rather
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than contributing another item-generation approach, this
study investigates a key prerequisite for using LLMs such as
GPT-4 to support the foundational stages of psychometric
test development, through the use of simulated data sets of
item response data. This could include preliminary checks
of item and scale parameters by simulating responses from
different trait profiles, providing an additional source of
information for item evaluation.

By successfully inducing combined gender and high and
low agreeableness profiles and observing significant cross-
construct influence manifested in significant differences
within EU-scores between groups, our results support the
notion that LLMs could be used as versatile tools to simulate
response behavior in a theoretically valid manner - not only
with regard to the manipulated trait but also beyond it.

While our findings show that an LLM can reproduce
theoretically expected and empirically frequently observed
cross-construct patterns (e.g., between agreeableness,
gender, and EU), this also underscores a possible limita-
tion: the approach relies on existing theoretical and em-
pirical knowledge to evaluate the profile induction and
cross-construct influence. As such, it is not inherently
designed to generate new theory in domains where little is
known; rather, its utility lies in testing whether an LLM can
reflect known nomological relations when prompted to
simulate specific trait profiles. Other limitations of the
approach presented here are discussed below.

Limitations

In the present study, we employed a single LLM (gpt-4-1106-
preview) and relied upon a zero-shot prompting approach for
the initial concept validation. This deliberate use of a
straightforward manipulation represents a particularly
stringent test: if theoretically plausible response patterns can
already be generated under such minimal prompting con-
ditions, it is reasonable to assume that more elaborate
prompting strategies (e.g., Jiang et al., 2024) would perform
at least equally well, if not better. We deliberately limited the
study to one LLM to reduce complexity and isolate the ef-
fects of the basic prompting approach. This ensured that
potential confounds arising from variability between dif-
ferent LLM architectures were avoided, thereby providing a
clearer test of the core assumption.

LLMs are sensitive to various technical parameters that
influence their outputs. Key factors include prompt wording,
temperature settings, model version, context window size,
training data, and model architecture. Prompt engineering is
crucial, as the phrasing of prompts can significantly affect the
model’s responses. Temperature settings control the ran-
domness of outputs; lower temperatures yield more deter-
ministic responses, while higher temperatures increase

Psychological Test Adaptation and Development (2026), 7, 156-166

creativity, which has important implications for the variance
of simulated item scores. Different model versions may
produce varying outputs due to updates in training data and
architecture. The context window size determines how much
prior information the model considers, impacting coherence
and relevance. Finally, the underlying architecture, such as
transformer-based designs, dictates the model’s capacity and
efficiency (Ferraris et al., 2025). Training data diversity and
quality directly affect the model’s knowledge base and po-
tential biases (Gallegos et al., 2024; Kotek et al., 2023;
Navigli et al., 2023). Future studies should systematically
examine the effects of both more sophisticated prompting
techniques and different LLM architectures.

A central methodological limitation of the present study
is the confounding of gender and agreeableness within the
trait-induction prompts. Because the high-agreeableness
condition was always paired with a female identity and the
low-agreeableness condition with a male identity, we
cannot determine the relative contribution of personality
trait versus gender in shaping the model’s responses.
While this alignment was deliberate - aimed at con-
structing two coherent and strongly contrasting profiles for
an initial proof-of-concept - it restricts the interpretability
of the underlying mechanisms of trait induction. Future
research should systematically disentangle these factors
by including agreeableness-only prompts, gender-only
prompts, fully crossed designs, and more nuanced con-
ditions (e.g., a medium-agreeableness condition). Such
extensions would allow researchers to quantify the degree
to which LLM outputs are driven by specific trait profiles,
demographic variables, or their interaction.

Another constraint lies in the generalizability of the
simulated data to human populations. While significant
cross-construct influence could be shown, the extent of
this influence may not reflect interactions observed in
human populations, where additional cognitive, social, and
contextual factors may come into play. One illustrative
finding was the relatively high agreeableness score ob-
served in the neutral group, where no profile induction
took place. This pattern may reflect a general tendency of
the model to generate socially desirable responses in the
absence of more directive prompting. Another deviation
worth noting was that intercorrelations calculated across
extreme groups between Big Five traits (Table S5) were
higher than typically observed in human data (cf. van der
Linden et al., 2010). Notably, in our data set, the four non-
neuroticism five-factor model traits and neuroticism were
positively associated, whereas in human participants, this
association would typically be negative (van der Linden
et al., 2010). It is reasonable to assume that both devia-
tions are partly due to the method we chose: First, of the
Big Five traits, only agreeableness was explicitly prompted.
Within the scope of the current study, we could not
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investigate differential effects this design choice might
have had on the LLM’s output, but since LLMs are highly
susceptible to changes at the prompt level, this is a likely
effect. Second, the present study relied on extreme-group
comparisons (between two groups). While this approach
facilitated a clear proof-of-concept, it limits our under-
standing of whether the LLM can capture more subtle or
moderate differences in trait levels. Including a (or mul-
tiple variations of) medium-agreeableness condition(s) in
future works would provide a more fine-grained assess-
ment of the model’s sensitivity to gradations in trait
profiles.

A key prerequisite for LLMs to be useful in test devel-
opment would be their ability to answer psychometric test
items in a formally correct and technically sound manner.
Even though this worked for the most part in the present
study, approximately 0.1% of the output did not comply
with the specified response format. In our case, for ex-
ample, the model has returned outputs such as the fol-
lowing in several cases: “I am an Al and do not have
personal experiences or a personality.” These deviations
often reflected system-level safeguards - mechanisms
designed to prevent inappropriate, personal, or sensitive
content - which overrode the model’s original response.
Such safeguards, particularly in closed-source models like
the one used here, may inadvertently interfere with the
intended data generation process. This highlights the need
for awareness that postresponse filtering or modification
mechanisms could distort data when using LLMs. One way
to mitigate this issue would be to use fully open-source
LLMs. This would allow researchers to ensure that the
model’s outputs are not unintentionally altered by post-
generation filtering systems, thereby preserving the in-
tegrity of the generated data.

Finally, we prompted the model to output probability
distributions, which deviates from the procedure most
psychometric tests use when testing human participants.
Requesting the LLM to generate a probability distribution
across response options, rather than a single categorical
choice, allowed for a more fine-grained capture of the
model’s output. This approach preserved information about
relative preferences between response options, avoided ar-
bitrary thresholding decisions, and facilitated more robust
statistical analyses based on the full spectrum of the model’s
response tendencies. Future studies should systematically
examine how this approach compares to methods where the
LLM is instructed to select a single fixed response option.

Implications for Future Research

Future research should address the limitations presented
above. First, comparative studies across multiple LLM

© 2026 The Author(s). Distributed as a Hogrefe OpenMind article

architectures and model versions should evaluate the
cross-construct effects of trait-related manipulations of
LLMs and identify optimal platforms for psychometric
applications. Second, incorporating few-shot prompting,
chain-of-thought methods, or fine-tuning of LLMs on
human response data may improve the fidelity of trait
and complex profile inductions and reduce method-
dependent variance in simulated item data. Third, an
extension of trait induction to other nomologically re-
lated constructs and target populations should be ex-
plored in future work.

Since it can be assumed that there are some funda-
mental limitations to the applicability of the method,
future research should examine the extent to which the
method can be used with a broader range of constructs.
While the present study focuses on agreeableness and EU
for replicability and comparability purposes, it is not
reasonable to assume that LLMs are equally viable to
simulate individuals with particular characteristics in
other domains. For example, models trained on biased
data sets will most likely produce biased results (e.g.,
Gallegos et al., 2024; Navigli et al., 2023). For future
research, rigorous psychometric evaluation of LLM-
simulated data - like examining item response theory
fit indices, measurement invariance tests, and differen-
tial item functioning analyses - will be crucial to estab-
lishing best practices and standardizing protocols for Al-
and LLM-driven pretesting.

Furthermore, future research should investigate the fea-
sibility of extending the dominant variable-centered ap-
proach by incorporating a person-centered perspective
through the simulation of target populations with LLMs via
induced trait profiles. Such work could examine both con-
figurations of traits and potential interaction effects among
multiple predictors, possibly providing a more nuanced un-
derstanding of how psychological constructs co-occur within
individuals. In addition, future studies should examine
whether simulation-based approaches can be used to test
theoretical models of complex dynamics, such as compen-
satory or synergistic interactions, and whether a person-
centered perspective could help identify patterns of traits
associated with specific outcomes to inform more tailored
interventions.

Moreover, future research should extensively contrast
LLM-based responses with human data. While such
comparisons are methodologically challenging, they
could provide valuable insights into the alignment of LLM
simulations with human behavior. Systematically inte-
grating human-model comparisons in future studies
could help to streamline the process of validating sim-
ulated populations and potentially refine trait-induction
methods to better reflect a similar-to-human distribution
of traits.
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Conclusion

In summary, this study offers a preliminary proof-of-concept
for integrating generative Al into the scientific process of
psychological assessment development. By demonstrating
that an LLM, when prompted to simulate a particular ex-
pression of a personality trait and gender, can exhibit the-
oretically plausible behavior not only with respect to the
prompted trait but also with regard to another theoretically
and empirically related construct, we offer an initial proof of
concept for this key prerequisite of using LLMs in psycho-
metric test development. Harnessing these capabilities has
the potential not only to accelerate assessment design but
also to make psychological research more efficient, inclusive,
and ethically responsible. Nevertheless, further research is
required to refine these methods, explore their boundaries
and inherent biases, and ensure their robust application
across diverse psychological constructs and testing contexts.
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