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Abstract

Achieving optimal staffing is desirable in settings where efficient
results are pursued such as corporate activities. The ideal scenario
is to base recruitment plans and organizational design on predic-
tions of how different types of individuals will impact overall team
performance. We propose using Large Language Models (LLMs) for
Human Resource Management (HRM) simulations based on a per-
sonality framework called “Organizational Adaptation Types”. This
paper evaluates the capability of LLMs to accurately exhibit the
behavioral traits of each type, thereby validating a foundation for
simulating complex interactions among diverse individuals using
LLM agents. We conducted an evaluation experiment generating
resumes using LLMs set with organizational adaptation types, then
classified which type had generated each resume. As a result, the
classification accuracy was 0.813 and 0.419 in the LLM-as-a-judge
based environment and the subject based environment, respectively.
Results indicate that while LLM-based evaluation showed consis-
tent accuracy across all organizational adaptation types, human
evaluation exhibited homophily bias, suggesting that LLMs can
effectively reduce unconscious bias in HRM simulations.
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1 Introduction

Organizations constantly face the challenge of building and main-
taining teams that perform effectively under changing conditions,
yet the tools available to support these decisions remain limited.
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While services! exist that propose optimal staffing based on em-

ployee data, including personality traits, many focus on visualizing
and simulating current team composition and do not fully account
for future dynamics. In practice, organizations must adapt to con-
tinuous changes such as member turnover and shifts in company
size, yet few tools exist to simulate how different combinations
of individuals might affect future team effectiveness. This leaves
organizations without a reliable means to answer critical questions
such as how overall team performance will change if a key mem-
ber leaves, or what personality profile the next hire should have
to achieve an optimal team composition. Addressing these ques-
tions requires the ability to simulate future scenarios involving
individuals with diverse behavioral and personality tendencies.

To address this need, we explore the use of Large Language Model
(LLM) based agents to simulate human interactions in the domain of
Human Resource Management (HRM). LLMs are machine learning
models that excel at natural language input and output, capable
of generating consistent and context-aware responses based on
predefined roles. These characteristics have drawn attention to
LLM agents that have the potential to simulate human behaviors.
While research has incorporated personality traits in LLM agents
using general frameworks like the Big Five Personality model [13],
such general models may not sufficiently capture behavioral ten-
dencies specific to organizational activities, and the need for an
alternative framework has been pointed out [12, 18]. In practical
HRM scenarios, type classifications are frequently preferred over
scale-based approaches. While trait scales enable detailed analysis
of individual tendencies, aggregating multi-dimensional scale data
across employees introduces too many axes for practical decision-
making such as optimal staffing. Type classifications address this
by grouping individuals into interpretable profiles, making them
more actionable in organizational contexts.

In this research, we propose using LLMs for HRM simulations
based on a personality framework called “organizational adaptation
types”, which has been validated within Japanese organizational
culture, and is widely adopted in practical HRM contexts in Japan.
By assigning these types to LLM agents via system prompts, we
aim to simulate how individuals with diverse behavioral tendencies
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interact within organizations. To evaluate whether LLMs can accu-
rately express these types, we had the type-assigned LLMs perform
a resume creation task and, with different LLMs, an evaluation task
to assess whether the generated resumes exhibited behavioral char-
acteristics specific to each type. We adopted these tasks because
resumes are a concise yet behaviorally rich form of self-expression,
allowing us to objectively assess whether assigned personality types
are reflected in naturally occurring organizational language. This
paper evaluates the capability of LLMs to accurately exhibit the
behavioral traits of each type, thereby validating a foundation for
simulating complex interactions among diverse individuals using
LLM agents for more refined recruitment planning and organiza-
tional design.

Section 2 introduces related works, section 3 describes the de-
tails of the evaluation method, section 4 presents our evaluation
experiment. Finally, section 5 concludes the paper.

2 Related Work

In this section, we introduce research on replicating personality
traits using LLMs, personality traits in the field of HRM, and uti-
lization of LLMs.

2.1 Replicating personality traits using LLMs

La Cava et al. [15] evaluated whether agents exhibit consistent
personality tendencies across 12 models, including open-source
LLMs. Using psychological measures such as the MBTI and Big Five
personality traits, they quantitatively measured personality charac-
teristics from each model’s output. Salecha et al. [19] conducted an
experimental study using the Big Five personality traits to deter-
mine whether LLMs exhibit a social desirability bias (the tendency
to respond in ways that are perceived favorably by others) similar
to humans. Under conditions where the model was classified as
being “evaluated”, clear biases emerged, including increased scores
for extraversion, conscientiousness, agreeableness, and openness.
Njifenjou et al. [17] endowed LLM agents with personality traits
using a five-dimensional continuous vector based on the Big Five
personality traits. They evaluated the impact of these personal-
ity traits on dialogue quality and user experience in a dialogue
task simulating French customer support. The evaluation included
experiments where both humans and models identified the per-
sonality. The results confirmed that the assigned personality traits
were reflected in the conversational style. Frisch et al. [7] examined
how much LLM agents maintain their own personality traits during
collaborative tasks and how much they tend to synchronize their
personality and linguistic characteristics with other agents through
interaction. The results showed that agents assigned creative per-
sonality profiles exhibited a stronger tendency to synchronize with
their conversation partner’s linguistic style compared to analyt-
ical agents, indicating differences in consistency and flexibility
of personality expression across models. Takata et al.[20] investi-
gated how individuality and behavioral diversity spontaneously
emerge in initial-state LLM agents without pre-assigned personality
traits through continuous interaction with other agents. Through
linguistic interactions between agents and movement within the
environment, differences in memory accumulation and emotional
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expression arose, resulting in the formation of distinct personality
tendencies and social roles for each individual.

Several studies exist that attempt to replicate human personal-
ity traits using LLMs, but most focus on general, comprehensive
personality tendencies based on frameworks like the Big Five Per-
sonality model. However, the personality traits do not necessarily
align with behavioral tendencies in organizational activities, such
as job-related behaviors or environmental adaptation. This study
specifically focuses on the HR domain and attempts to expand upon
such research on personality trait replication using LLM.

2.2 Personality traits in the field of HRM

In the field of HRM, research has traditionally focused on the rela-
tionship between individual personality traits and job performance
using variable-centered approaches like the Big Five Personality
model as a primary framework. While these models are known to
predict individual and team performance through specific factors
(e.g., conscientiousness and agreeableness) [2, 3], analyzing rela-
tionships based on single factors often fails to capture the complex
human profile arising from interconnections among traits [6, 16].

To resolve this problem, person-centered approaches have been
proposed, which classify subgroups of individuals with similar trait
configurations as “types” [10]. This offers greater clarity by fram-
ing individuals not as a list of factor scores, but as distinct profile
types (e.g., resilient or over-controlling). In the practical HRM con-
text where holistic decision-making is required, this typological
approach is often more useful for recruitment and internal talent
selection than isolated trait scores [9, 27]. However, as general
personality types may not fully capture the specific behavioral
tendencies required in organizational settings [27], it is necessary
to adopt a typology that specifically reflects individual tendencies
suited to organizational activities for HRM simulation with LLM
agents.

2.3 Utilization of LLMs

There is research aimed at improving the performance and evalua-
tion of LLMs [8, 11, 22-25]. Furthermore, leveraging the character-
istic of LLM agents to mimic human behavior, attempts are being
made to apply them to simulations of social activities. Zheng et al.
[28] simulate the dynamic changes in relationships and information
on social networks through interactions among multiple agents
using GPT-4o, analyzing the process of information propagation
and the formation mechanism of echo chambers. Agents update
the network structure based on judgments made using natural lan-
guage, and high reproducibility was confirmed when compared
with real-world SNS data. Zhang et al. [26] pointed out that ex-
isting simulations of influence diffusion in social networks rely
on probabilistic methods and fail to adequately account for users’
linguistic responses and contextual judgments. In response, they
propose a novel approach that incorporates LLMs into simulations
to dynamically reproduce processes such as information reception,
retransmission, and opinion formation based on natural language.
Tang et al. [21] proposed GenSim, a general-purpose social sim-
ulation platform based on LLMs. This overcomes the limitation
that previous research, constrained by specific task settings and
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a small number of agents, lacks the ability to adapt to malfunc-
tions and inconsistencies that occur during long-term simulations.
By integrating large-scale agent management and error correction
mechanisms, GenSim achieves scalable and reliable social behav-
ior simulation. Jiang et al. [14] proposed UrbanLLM, an integrated
framework designed to flexibly address complex and diverse urban
challenges such as activity planning and service management using
LLMs. By decomposing urban-related queries expressed in natural
language into multiple subtasks and processing them holistically
in conjunction with appropriate spatio-temporal models, it enables
practical and highly accurate decision support for urban planning.

The utilization of LLMs in the field of HRM is being explored.
Daryanto et al. [5] evaluated the feasibility of reflective learning
support by verifying how accurately an LLM can analyze speech
records during interview practice. Specifically, it combines an au-
tomatic annotation feature for user responses with an interactive
feedback mechanism, designed to enable learners to reflect on their
answers and identify areas for improvement. The LLM captures
semantic features from the speech recordings to pinpoint which
parts are inadequate and suggest desirable alternative expressions.
Unlike traditional one-way learning, it promotes self-correction
through two-way interaction.

We aim to simulate practical scenarios in the HRM domain using
LLM agents by replicating personality traits related to organiza-
tional adaptation.

3 Method

This section describes the methodology used to evaluate the simula-
tion capabilities of LLMs for the proposed organizational adaptation
types. An overview of the evaluation method is shown in figure
1. The evaluation process consists of three parts: assigning orga-
nizational adaptation types to LLMs, a resume creation task for
LLMs to generate text based on these types, and a type classifica-
tion task executed by different LLMs and human subjects to verify
the identifiability of the source types within the generated resumes.

3.1 Organizational adaptation types

To address the need for an organization-specific framework dis-
cussed in the previous section, this study adopts a framework widely
utilized in practical HRM contexts in Japan?. This framework clas-
sifies personality types based on an individual’s adaptability to
different organizational cultures, referred to as "Organizational
Adaptation Types" (W, X, Y, Z). These types are defined by two be-
havioral axes essential for collaborative work. Axis 1 indicates ten-
dencies regarding “problem setting and decision making”: whether
one tends to take on challenges or prefers a step-by-step approach,
whereas Axis 2 indicates tendencies regarding “communication
style”: whether one tends to communicate emotionally or logically
(see also figure 1). The definitions of these types are shown in
table 1. We assigned these types to LLMs via system prompts to
simulate specific organizational personas. Since the organizational
adaptation type framework originates from Japanese organizational
contexts and the human subjects in our evaluation were Japanese
speakers, all prompts were implemented and input in Japanese to

Zhttps://www.recruit-ms.co.jp/issue/column/0000001377/

3rd HEAL Workshop at CHI Conference on Human Factors in Computing Systems, April 15, 2026, Barcelona, Spain

ensure consistency between the framework’s cultural context and
the experimental setting.

3.2 Resume creation task

To evaluate whether LLMs can express these organizational adap-
tation types, we first have LLMs execute a resume creation task.
LLMs were instructed to write a summary of their work experi-
ence at their current organization within 500 characters. To test
expressive capability in behavioral tendencies within the resume
text, we instructed LLMs to avoid descriptions that directly express
personality, age, or gender. Additionally, we provided LLMs with
no attributes regarding industry or other factors, except that they
are not in a managerial role.

3.3 Type classification task

This task evaluates whether the resumes generated in the resume
creation task clearly reflect the intended organizational adaptation
types. We employed two evaluation methods: LLM-as-a-judge and
Human Subject Evaluation.

In the LLM-as-a-judge, LLMs distinct from those used in the
resume creation task are assigned the role of HR manager via the
system prompt and tasked with classifying a given resume into one
of the four types based on the provided definition of theirs (table
1). To account for potential biases arising from the compatibility
between the personality types of the resume creator and evalua-
tors (e.g., a type W evaluator preferring resumes created by type
W agents), each Judge LLM was also assigned an organizational
adaptation type. This allows us to analyze whether classification
accuracy is robust across different evaluator personas.

In the human subject evaluation, we recruited human subjects to
perform the same classification task. Subjects were presented with
resumes and the definitions of the four types (shown in table 1), then
asked to select which type most likely wrote each resume. Each
participant completed four resumes, presented in a randomized
order to prevent order effects. Organizational adaptation type of
each subject was also measured by having them self-select the type
that fit them best.

4 Evaluation Experiment

Based on the method defined in the previous section, we conducted
a series of experiments to quantitatively evaluate whether LLMs
can accurately express the assigned organizational adaptation types.
This section first describes the experimental environment, the pro-
cess of constructing the evaluation dataset, and the results of the
experiments.

4.1 Environment for Evaluation Experiments

The model was used Claude Sonnet 4* for all tasks. The parameter
Temperature which defines the randomness of the output was set
to 1.0. All generation and classification processes were executed
independently to prevent the model from being influenced by past
outputs.

Shttps://www.anthropic.com/news/claude-4
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Figure 1: Overview of the evaluation method.

Table 1: Definition of organizational adaptation types.

Type Definition
W The type who tackles challenging work by joining forces with coworkers.
X The type who values rationality and independently pursues ambitious goals.
Y The type who works steadily and reliably while collaborating with coworkers.
Z The type who works alone, concentrating intently tackling tasks with diligence.

Table 2: Job classification in resumes.

. Type
Occupation W X Y
Sales and Related Support | 17 9 24 8
IT Technical 6 16 5 10
Quality Management 1 4 1 9
Business Planning 6 1 0 0
Accounting o o o0 3

4.2 Resume Generation and Screening

To prepare the resumes for the classification task, we implemented
a two-step process: generation and screening.

4.2.1 |Initial resume generation and observed bias. First, we had the
LLM execute the resume creation task 30 times for each of the four
organizational adaptation types, resulting in a pool of 120 resumes.
Upon analyzing this generated pool, a bias in the distribution of
job types was observed, as shown in table 2.

4.2.2  Screening for bias control. If resumes were selected purely
at random from this biased pool, the job type could become a con-
founding variable (e.g., evaluators might associate "Sales" with Type
W regardless of the resume’s actual behavioral content). To mitigate
this effect, we extracted three resumes for each type (totaling 12
resumes) using a constraint-based random selection method. The
selection was repeated until a set was obtained where no two re-
sumes shared the same job type within a single type. The selected
resumes are defined as Ry, Rx;, Ry;, Rz, (i = 1,2,3).

4.3 Results and Discussion

This section discusses the results of classification accuracy of both
LLM-as-a judge and human subjects. The confusion matix is shown
in figure 2. It is totaled classification results for the three resumes.
Ry is defined as the sum of the classification result values obtained
from Ry, Rw,, and Ryy,. Likewise, Rx, Ry, and Rz are defined as
the sums of the classification result values obtained from their
corresponding resumes.

4.3.1 Result of LLM-as-a-judge based evaluation. Each of three re-
sumes per type was evaluated by 400 LLM agents (100 per evaluator
type), resulting in a total of 1200 evaluations per resume type. The
overall classification accuracy was 0.813, indicating LLMs possess
a high capability to express and identify organizational adaptation
types. However, the accuracy of judgment varied for each type, such
that many errors were observed where R; was judged as Ry on
the left panel of figure 2. Despite these misclassifications, the high
overall accuracy suggests that the behavioral tendencies defined in
the prompts were successfully encoded into the generated resumes.

4.3.2 Result of Subject based evaluation. We recruited 1,950 sub-
jects (1,346 men and 604 women, 911 managers and 1,039 non-
managers, mean age = 46.0), who were university graduates work-
ing as full-time employees at companies with over 300 employees.
We had them conduct a type classification task, in which they were
randomly presented with one of three predefined subsets S; of four
resumes, as specified in equation 1 using permutation P;.

Si = Pi{R‘/VL"RXisRY,‘:RZ[} (l =12, 3) (1)

The classification accuracy was 0.419. While this is significantly
lower than the LLM-based result, it significantly exceeds the chance
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Figure 2: Confusion matrix of the organizational adaptation types of LLM that created the resume and the type classification

results.

level of 0.25 for a four-class classification. The confusion matrix
shows a more dispersed pattern compared to the LLM results on
the right panel of figure 2. While diagonal components (correct
answers) generally show higher values, human subjects struggled
to distinguish between types clearly, suggesting that the behavioral
nuances generated by LLMs may be more subtle or too stereotypical
than what humans typically rely on for personality judgment.

4.3.3  Analysis of Evaluator Compatility. To clarify the factors con-
tributing to the accuracy gap between LLMs and humans, we exam-
ined whether the combination of resume type and evaluator type
influenced the classification results. Table 3 shows the classification
accuracy for each resume type. In LLM-as-a-judge based evaluation,
Ry, Rx, and Ry could be classified with little difference in accu-
racy regardless of evaluator type. In contrast, in the subject-based
evaluation, accuracy was higher when the resume type matched
the subject’s own type. Specifically, for Ry, Rx, and Ry, the high-
est classification accuracy was achieved when the subject’s type
corresponded to the resume type. This is indicated by the diagonal
elements in table 3. These results suggest that humans may have
a homophily bias [1, 4], or a deeper understanding of individuals
with behavioral traits similar to their own. This tendency was not
observed in the LLM-as-a-judge evaluation, indicating that LLMs
function as objective classifiers unaffected by subjective biases.
While such homophily bias holds significance in specific social con-
texts such as intuitively selecting compatible teammates, the results
suggest that LLMs can be utilized in situations where such bias

Table 3: The classification accuracy for each type of resume.

LLM-as-a-judge Subject
w X Y Z w X Y Z

Rw 1.00 1.00 0.76 0.99 | 0.59 036 037 0.40
Rx 094 1.00 0.67 098|032 049 036 0.33
Ry 1.00 1.00 1.00 1.00 | 0.48 0.49 0.69 0.63
Rz 034 0.65 0.01 0.67 | 0.22 0.21 0.29 040

Resume

is unnecessary or should be avoided. Consequently, LLMs demon-
strate superior utility for tasks that demand objective classification
and the exclusion of human-like subjective preferences.

Rz showed low accuracy in all environments. This result may
reflect the occupational biases inherent in the real world, where
specific personaly types are often concentrated in particlar job type.
In this evaluation experiment, we intentionally eliminated this job
type bias by esuring no occupational duplication within each type of
resume. Consequently, the resumes used for Rz may have deviated
from the typical occupational distribution of occupations associated
with type Z, thereby removing a ciritcal contextual cure required
for accurate identification.

5 Conclusion

This research defined four personality types called organizational
adaptation types, that can be used in HRM simulations. Then, we
investigated whether LLMs have the ability to express these types.
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We conducted an evaluation experiment generating resumes us-
ing LLMs set with organizational adaptation types, then classified
which type had generated each resume. As a result, the classification
accuracy was 0.813 and 0.419 in the LLM-as-a-judge based environ-
ment and the subject based environment, respectively. There was a
difference in accuracy, but the accuracy was higher than the chance
level of 0.25 for the four type classification in both environments.
This result indicates that LLMs have the ability to express organi-
zational adaptation types. The LLM-as-a-judge based evaluation
achieved higher overall accuracy than the subject-based evaluation.
Importantly, our analysis revealed qualitative differences in eval-
uation patterns between human and LLM. LLM-based evaluation
showed consistent accuracy across organizational adaptation types
regardless of evaluator type, whereas human evaluation exhibited
higher accuracy when the resume type matched the evaluator’s
own type. This pattern suggests that human evaluators may be
influenced by homophily bias. In contrast, LLMs appear to func-
tion as objective classifiers unaffected by such subjective biases.
While homophily bias may be beneficial in certain social contexts,
such as intuitively selecting compatible teammates, our findings
suggest that LLMs can be valuable in HRM scenarios where ob-
jective evaluation is required and subjective preferences should
be minimized. These results indicate that LLMs can effectively re-
duce homophily bias in HRM simulations, though their application
should be carefully considered based on the specific requirements
of each situation.
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