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Abstract

This study investigates the Horizontal-Vertical Individualism-
Collectivism (HVIC) traits of Large Language Models
(LLMs), addressing the gap in understanding their cultural and
social cognition. HVIC, a cross-cultural psychology frame-
work, offers insights into cognitive patterns shaped by culture.
We systematically evaluate multiple LLMs using quantitative
(INDCOL scale) method, assessing their intrinsic HVIC traits
and ability to simulate cultural and gender-based differences.
Our findings reveal LLMs’ capacity to capture HVIC nuances,
providing a unique lens for studying human cognition through
human-LLM comparisons. This research contributes to devel-
oping culturally sensitive AI systems and offers new perspec-
tives on human HVIC traits, advancing both theoretical under-
standing and practical applications of AI.
Keywords: Large Language Models, Horizontal-Vertical
Individualism-Collectivism, Cross-Cultural Cognition

Introduction
In recent years, Large Language Models (LLMs) have
demonstrated remarkable cognitive abilities, ranging from
fundamental language understanding and generation to com-
plex emotional reasoning (Wang et al., 2023), and social cog-
nition (Zhang et al., 2024). These models not only accurately
grasp context but also recognize and utilize advanced linguis-
tic features such as metaphors (Chakrabarty et al., 2023) and
irony (Street et al., 2024). The human-like cognitive abilities
exhibited by LLMs in social interactions are seen as break-
throughs toward achieving AGI (Bubeck et al., 2023; Qu et
al., 2024). As an interdisciplinary field (or ”cognitive sci-
ences” in plural (Dale, 2008; Greco, 2012), as George Miller
suggested), cognitive science has shown great research in-
terest in these cognitive phenomena and mental properties
demonstrated by AI systems like LLMs. Cognitive scientists
have advocated for treating LLMs as research subjects within
cognitive science or applying cognitive science methodolo-
gies to evaluate LLMs (Hardy et al., 2023; Qu et al., 2024).

Culture, as an acquired system of meanings related to
norms, beliefs, knowledge, morals, and values, dictates the
appropriateness and social acceptance of interpersonal be-
havior (Dabiriyan Tehrani & Yamini, 2022b). Horizontal-
Vertical Individualism-Collectivism (HVIC), which is a theo-
retical framework of cross-cultural psychology, has been ex-
tensively studied in social sciences and commonly used as di-
mensions for comparing national and individual cultural dif-
ferences, with well-documented utility (Triandis & Gelfand,
1998). Unlike simply viewing individualism (I) /collectivism

(C) as opposite ends of a single dimension (Hofstede &
Minkov, 2010), HVIC introduces a more accurate and com-
prehensive understanding of unique cognitive schemas and
behavioral patterns formed under different cultural and social
backgrounds by incorporating the intersection of horizontal
(H) /vertical (V) dimensions with I/C dimensions (Singelis et
al., 1995). This includes attitudes toward personal achieve-
ment, competition, group belonging, and hierarchical con-
cepts (Triandis & Gelfand, 1998). HVIC assessment system
helps us understand how culture shapes individual cognitive
patterns, decision preferences, and social interactions, thus
providing a scientific analytical paradigm for cross-cultural
cognitive research. While HVIC has been widely studied
and applied in cross-cultural psychology and social cognition
(Chiou, 2001; Dabiriyan Tehrani & Yamini, 2022a; Germani
et al., 2020; Li & Aksoy, 2007; Robert, Lee, & Chan, 2006),
providing important insights into human cultural differences,
it has not yet been systematically applied to studying LLMs
that exhibit human-like cognitive features.

Applying the HVIC framework to LLMs research holds
unique theoretical and practical value. At the theoretical
level, LLMs, as artificially created highly intelligent systems,
provide a ”artificial mirror” for studying human cognition
(Qu et al., 2024). By examining LLMs’ HVIC performance
across different cultural and social contexts, we can validate
their cross-cultural adaptability, which not only helps un-
derstand AI systems’ ability to comprehend and express hu-
man sociocultural differences but also offers new perspectives
for studying human HVIC cognition. At the practical level,
HVIC evaluation can help detect potential biases in LLMs’
cultural cognition, guide the development of human-machine
interaction systems with rich emotional and social reasoning
capabilities, and promote the construction of unbiased, trust-
worthy AI systems.

Current research on LLMs primarily focuses on multiple
task performances and reasoning capabilities, with relatively
few systematic studies from an interdisciplinary cognitive sci-
ence perspective (Qu et al., 2024). While there have been sev-
eral studies on LLMs’ personality traits (Wen et al., 2024),
most are limited to common frameworks like the Big Five
(G. Jiang et al., 2024) or MBTI (Pan & Zeng, 2023). No
research has systematically evaluated and measured the uni-
versally important social and cultural dimension of individu-
alism/collectivism. To our knowledge, this paper is the first to
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Figure 1: In HVIC, I and C are not viewed as opposites but
include V (hierarchy) and H (equality) attitudes. Specifi-
cally: Vertical Individualism (VI): competing to stand out and
gain status. Horizontal Individualism (HI): desiring unique-
ness, differing from groups, and self-reliance. Vertical Col-
lectivism (VC): emphasizing group integrity, competing with
outsiders, and obeying internal authority. Horizontal Collec-
tivism (HC): desiring similarity, sharing goals, interdepen-
dence, and social skills without obeying authority.

systematically evaluate LLMs and their depth of understand-
ing and mapping capabilities of human within the HVIC.

This study addresses a research gap by not only explor-
ing how the important and universal HVIC traits manifest in
LLMs and gaining new insights into LLMs’ ability to com-
prehend human HVIC cultural cognition but may also pro-
viding a unique ”artificial mirror” for studying human HVIC
traits through human-LLM comparison. This study proposes
and explores the following three questions. RQ1: Do LLMs
possess intrinsic and stable HVIC traits? RQ2: Do differ-
ent LLMs exhibit specific and differentiated HVIC traits, or
do they share a unified HVIC pattern? RQ3: What are the
HVIC trait differences among LLMs from different countries
and genders, and do these reflect the conditions in human so-
ciety?

We innovatively evaluate both multiple LLMs’ HVIC
traits and their human cultural cognitive accuracy on
HVIC dimensions through a systematic pipeline. Unlike
studies using single evaluations, we combine quantitative as-
sessment (Likert scales) with qualitative analysis (text re-
sponse analysis) (Wen et al., 2024). We examine the stability
of multiple LLMs’ HVIC traits through repeated testing and
explore LLMs’ HVIC patterns of differences or consistency.
Furthermore, through a role-playing paradigm, we investi-
gate LLMs’ HVIC trait performance when simulating differ-
ent cultural backgrounds and gender groups, validating their
understanding and expression of human sociocultural differ-
ences through human-LLM comparisons. In our quantitative
assessment, we employ the widely validated and applied IN-
DCOL scale (Singelis et al., 1995).

Contribution. The theoretical and practical contributions
of this study can be summarized as:

• To our knowledge, we are the first to systematically and
comprehensively investigate LLMs’ HVIC traits, repeat-
edly evaluating multiple mainstream LLMs.

• Through innovatively combining role-playing paradigm
with national/cultural attribute simulation, we validate
multiple mainstream LLMs’ ability to capture and simu-
late HVIC attribute differences across different nations and
cultures in human society.

• Through role-playing paradigm with gender attribute sim-
ulation, we evaluate multiple mainstream LLMs’ ability to
capture and simulate HVIC trait differences across differ-
ent social gender attributes in human society.

Experiment I: Validity and Consistency of
HVIC Traits in LLMs

Experimental setup. First, we should explore the scientific
validity and effectiveness of testing LLMs using the 32-item
standard scale based on the four dimensions of HVIC. This
serves as a meaningful prerequisite for both this study and
subsequent experiments. Specifically, the results obtained
from multiple HVIC trait measurements on the same LLM
should remain relatively consistent and reproducible. Fur-
thermore, we aim to observe distinct HVIC patterns exhib-
ited by specific LLMs. To achieve this, we have designed
and conducted extensive experiments utilizing various mod-
els and statistical metrics. We selected a range of state-of-
the-art LLMs for testing (Table 1), employing the same 32-
item standard INDCOL scale and conducting 10 rounds of
testing on each LLM while maintaining consistent context
and prompts. The LLMs involved in this experiment include
the closed source GPT-4o mini (OpenAI, 2024a), GPT-4o
(OpenAI, 2024b), GPT-3.5 Turbo (OpenAI, 2023), Claude
3.5 Sonnet (Anthropic, 2024), Moonshot-v11, ERNIE 3.52,

1https://kimi.moonshot.cn/
2https://yiyan.baidu.com/
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Models µ10 M10 max10 min10 Σ2
10 Σ10 Γ10 κ10 RttP p RttS p

Proprietary Models
ERNIE 3.5 66.25 66.56 68.12 63.75 2.69 1.64 -0.31 -1.40 0.84 < 0.001 0.84 < 0.001
Qwen2.5 68.69 68.75 70.62 66.88 1.25 1.12 0.03 -0.80 0.63 < 0.001 0.52 0.003
Claude 3.5 S 70.19 70.94 72.50 66.88 9.79 3.13 -0.82 -0.62 0.83 < 0.001 0.83 < 0.001
GPT-4o 71.56 70.94 76.25 68.12 6.62 2.57 0.78 -0.39 0.97 < 0.001 0.98 < 0.001
GPT-4o mini 74.75 75.00 76.25 73.12 0.80 0.89 -0.21 -0.35 0.93 < 0.001 0.92 < 0.001
GPT-3.5 Turbo 75.69 76.25 78.12 70.62 4.21 2.05 -1.55 1.88 0.95 < 0.001 0.93 < 0.001
Moonshot-v1 76.88 76.56 84.38 71.88 16.49 4.06 0.36 -0.83 0.43 0.013 0.44 0.013

Open-Source Models
Mistral-7b 48.44 48.12 51.25 46.88 2.54 1.59 1.02 -0.34 0.93 < 0.001 0.88 < 0.001
GLM-4-9b 52.06 51.25 56.25 48.12 9.38 3.06 0.14 -1.40 0.27 0.134 0.27 0.130
Vicuna-7b 53.38 54.69 58.75 41.25 28.06 5.30 -1.26 0.76 0.26 0.159 0.32 0.074
LLaMA 3.1-8b 69.12 69.06 74.38 61.88 10.69 3.27 -0.75 0.90 0.78 < 0.001 0.77 < 0.001

Table 1: In basic INDCOL, the scores obtained include the mean µ, median M, maximum max, minimum min, variance
Σ2, standard deviation Σ, skewness Γ, kurtosis κ, test-retest reliability Rtt . The test-retest reliability includes both Pearson
correlation coefficient and Spearman correlation coefficient along with their respective reliability p-values. These scores are
calculated by dividing the raw scores by the full score of 160 (32×5). The results indicating a relatively high stability in scores.
This suggests that the LLMs have a relatively stable HVIC trait.

Qwen2.53 (Team, 2024), and open source LLaMA 3.1-8b4,
Mistral-7b5 (A. Q. Jiang et al., 2023), GLM-4-9b6 (GLM et
al., 2024), Vicuna-7b-v1.57. We aimed to select currently lat-
est, state-of-the-art and mainstream LLMs to ensure the com-
prehensiveness and validity of the experiment.

We use multiple statistical metrics to comprehensively as-
sess the reliability and reproducibility of the experimental
results. The maximum max and minimum min reflect the
most extreme differences in model performance across multi-
ple tests, indirectly indicating stability and consistency. Vari-
ance Σ2 and standard deviation Σ measure the stability of
model performance across multiple tests. Kurtosis κ de-
scribes the peakedness of the data distribution, indicating the
concentration of test results. Test-retest reliability Rtt as-
sesses the consistency of results when the model is tested re-
peatedly under the same conditions, serving as a key indicator
of model stability and reliability.

Results and discussions. The results of various statistical
indicators from multiple tests can be found in Table 1. The
statistical indicators such as variance Σ2 and standard devia-
tion Σ and Test-retest reliability Rtt suggest that the majority
of LLMs exhibit relatively stable test scores, indicating that
these models demonstrate high consistency in their perfor-
mance across multiple identical HVIC tests, thereby ensur-
ing reliability and scientific validity. For instance, the Σ2 of
GPT-4o mini is only 0.80, and the Σ is 0.89, which shows a

3https://tongyi.aliyun.com/
4https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
5https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
6https://huggingface.co/THUDM/glm-4-9b
7https://huggingface.co/lmsys/vicuna-7b-v1.5

high degree of consistency in its scores across 10 tests; the
Rtt p of GPT-4o is 0.97, indicating a very consistent perfor-
mance in two interval tests. Analysis of test-retest reliability
p-values for both Pearson’s and Spearman’s correlations re-
veals that most LLMs show convincing and reliable stability
(p < 0.001). In addition to these observations, commercially
available proprietary LLMs generally exhibit better stability
and consistency compared to open-source models. This may
be attributed to the fact that commercial proprietary models
typically possess larger parameter sizes and more complex ar-
chitectures, and have undergone more extensive training and
optimization, thus performing better in terms of performance
and stability.

Experiment II: Basic HVIC Traits of LLMs
After validating the relative stability and scientific nature of
most LLMs through extensive testing, further analysis is con-
ducted on specific HVIC traits to uncover meaningful cultural
concepts such as collectivism/individualism and social hierar-
chy in LLMs. The INDCOL scale, used in this study, reveals
individuals’ beliefs and values about personal and group rela-
tionships through 32 items rated on a five-point Likert scale.
It measures attitudes across four dimensions: horizontal indi-
vidualism (HI), vertical individualism (VI), horizontal collec-
tivism (HC), and vertical collectivism (VC). HI emphasizes
equality and independence (e.g., ”I am a unique individual”),
while VI focuses on competition and status (e.g., ”Competi-
tion is the law of nature”). HC highlights group harmony and
equality (e.g., ”Maintaining harmony within my group is im-
portant”), and VC stresses obedience to authority and group
integrity (e.g., ”Children should be taught to place duty be-
fore pleasure”). By quantifying responses, the INDCOL scale
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Models HI VI HC VC Ind Col Hor Ver
Sd Ex Sd Ex Sd Ex Sd Ex Sd Ex Sd Ex Sd Ex Sd Ex

Proprietary Models
ERNIE 3.5 32 ↑8 27 ↑3 25 ↑1 23 ↓1 73.8 ↑13.8 60.0 0.0 71.2 ↑11.2 62.5 ↑2.5
Qwen2.5 29 ↑5 28 ↑4 21 ↓3 29 ↑5 71.2 ↑11.2 62.5 ↑2.5 62.5 ↑2.5 71.2 ↑11.2
Claude 3.5 S 31 ↑7 28 ↑4 27 ↑3 28 ↑4 73.8 ↑13.8 68.8 ↑8.8 72.5 ↑12.5 70.0 ↑10.0
GPT-4o 32 ↑8 28 ↑4 26 ↑2 27 ↑3 75.0 ↑15.0 66.2 ↑6.2 72.5 ↑12.5 68.8 ↑8.8
GPT-4o mini 34 ↑10 20 ↓4 39 ↑15 29 ↑5 67.5 ↑7.5 85.0 ↑25.0 91.2 ↑31.2 61.3 ↑16.3
GPT-3.5 Turbo 33 ↑9 31 ↑7 28 ↑4 30 ↑6 80.0 ↑20.0 72.5 ↑12.5 76.2 ↑16.2 76.2 ↑16.2
Moonshot-v1 31 ↑7 27 ↑3 28 ↑4 34 ↑10 72.5 ↑12.5 77.5 ↑17.5 73.8 ↑13.8 76.2 ↑16.2

Open-Source Models
Mistral-7b 23 ↓1 17 ↓7 16 ↓8 20 ↓4 50.0 ↓10.0 45.0 ↓15.0 48.8 ↓11.2 46.2 ↓13.8
GLM-4-9b 30 ↑6 22 ↓2 20 ↓4 18 ↓6 65.0 ↑5.0 47.5 ↓12.5 62.5 ↑2.5 50.0 ↓10.0
Vicuna-7b 28 ↑4 16 ↓8 22 ↓2 24 0 55.0 ↓5.0 57.5 ↓2.5 62.5 ↑2.5 50.0 ↓10.0
LLaMA 3.1-8b 28 ↑4 25 ↑1 23 ↓1 23 ↓1 66.2 ↑6.2 57.5 ↓2.5 63.7 ↑3.7 60.0 0

Table 2: The analysis involved 4 subscales to evaluate specific dimensions of HC, VC, HI, VI, (original scale scores) and
separate I/C and H/V (normalized scores out of 100). Red arrows indicate scores above the baseline (all 3s on a 5-point Likert
scale, indicating neutrality), while blue arrows denote scores below this baseline. This part of the experiment used the test
scores closest to the mean of the 10 tests for each LLM. This experiment aims to use psychometric tool to analyze the cognitive
structure of LLMs regarding these important social and cultural concepts.

provides a comprehensive view of an individual’s tendencies
toward individualism or collectivism. Its reliability makes it
a valuable tool for assessing LLMs’ cultural cognition.

The experimental results are shown in Table 2. Various
LLMs exhibit significant differences in HVIC characteristics,
reflecting their distinct training data and model architectures.

Experiment III: Cross-National Assessment of
LLMs’ HVIC Traits

To systematically assess LLMs on HVIC traits across differ-
ent national cultural backgrounds, this experiment employed
the INDCOL scale. The study involved multiple countries:
the United States, China, India, Saudi Arabia, Australia,
Japan, Nigeria, and New Zealand. Due to space constraints,
we selected only the aforementioned countries. However,
they broadly cover major cultural regions including East Asia,
the West, the Middle East, and Africa, providing a representa-
tive sample of HVIC traits across different cultural contexts.

Each LLM was tasked with simulating individuals from
specific countries and responding to questions from the IN-
DCOL scale. Through this role-playing approach, the exper-
iment evaluated the LLMs’ ability to understand and express
HVIC traits within diverse cultural contexts. The experimen-
tal results for this section can be seen in the Table 3 and 4.

Results and dicussions. This section presents the experi-
mental results as shown in Table 3 and 4. Most LLMs indi-
cate that individuals in Western cultures (e.g., U.S. and Aus-
tralia) should exhibit higher HI scores and lower VC scores,
emphasizing individual independence and self-expression.
For instance, GPT-4o in the U.S. has HI = 90, VI = 47, HC =
82, VC = 65; in Australia, HI = 85, VI = 38, HC = 88, VC =
55. This suggests a greater emphasis on individual autonomy
and self-expression, with less focus on authority and group

cohesion. Qwen2.5 in the U.S. scores HI = 75, VI = 28, HC
= 82, VC = 68; in Australia, HI = 78, VI = 60, HC = 55, VC
= 78, indicating a strong personalist tendency.

In contrast, most LLMs suggest that individuals in East-
ern cultures (e.g., China and Japan) have lower individualist
tendencies, with higher scores in HC, and notably higher VC
scores in China, reflecting a greater emphasis on authority
and group integrity. For example, GPT-4o in China has HI
= 72, VI = 47, HC = 93, VC = 70; in Japan, HI = 60, VI =
45, HC = 88, VC = 68. This indicates a focus on group har-
mony and social skills, especially in China, where adherence
to authority and group cohesion are emphasized. Qwen2.5
in China scores HI = 88, VI = 45, HC = 100, VC = 95; in
Japan, HI = 75, VI = 42, HC = 82, VC = 78, showing a strong
recognition of authority within groups in China and a focus
on group harmony in Japan.

Data from other groups also show that in countries from
South Asia, Africa, and the Middle East (such as India,
Nigeria, and Saudi Arabia), LLMs like GPT-4o indicate a
strong emphasis on high levels of collectivism, particularly
vertical collectivism, highlighting the importance of group
harmony and obedience to authority. Notably, these coun-
tries generally exhibit lower VI scores across various LLM
simulations, possibly because intense individual competi-
tion and survival-of-the-fittest concepts are somewhat at odds
with prevailing social norms. According to Hofstede’s six-
dimensional cultural distance theory, the individualism scores
from his research (Hofstede & Minkov, 2010) (USA: 91,
Australia: 90, New Zealand: 79, China: 20, Japan: 46, In-
dia: 48)8 support the LLM-derived scores and conclusions
to some extent. These findings align with real-world hu-
man cultural contexts, validating the models’ performance

8https://geerthofstede.com
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Models American Chinese Indian Saudi Arabia

HI VI HC VC HI VI HC VC HI VI HC VC HI VI HC VC

Proprietary Models
ERNIE 3.5 82 55 90 80 85 52 90 80 65 42 95 80 82 55 90 82
Qwen2.5 75 28 82 68 88 45 100 95 93 53 100 100 70 45 82 85
Claude 3.5 Sonnet 70 33 95 62 78 40 85 78 55 53 95 90 50 68 97 93
GPT-4o 90 47 82 65 72 47 93 70 72 47 95 82 68 47 95 82
GPT-4o mini 85 53 93 72 80 57 88 78 85 53 95 72 78 50 95 85
GPT-3.5 Turbo 85 47 85 62 80 50 90 78 75 53 97 85 78 50 95 85
Moonshot-v1 88 47 82 75 93 55 82 82 85 53 82 80 90 60 85 82

Open-Source Models
Mistral-7b 85 52 88 90 90 57 95 92 85 48 92 88 90 75 98 95
GLM-4-9b 85 82 78 88 82 72 62 88 85 52 82 88 68 62 78 90
Vicuna-7b 75 68 82 60 72 60 75 70 62 48 55 52 70 68 85 65
LLaMA 3.1-8b 98 48 90 65 88 30 82 70 78 32 92 72 38 32 80 78

Table 3: We used the INDCOL scale to assess multiple LLMs on their HVIC traits across different national cultural back-
grounds. By employing a role-playing paradigm, we prompted the LLMs to simulate individuals from various countries. This
table presents data for the America, China, India, and Saudi Arabia, with all scores normalized to a total of 100 points.

across different cultures. Some other studies (Robert, Lee, &
CHAN, 2006) have reported specific HVIC traits of different
countries, which can be compared with the simulations from
LLMs. Due to space limitations, finer-grained comparisons
and analyses are not provided here.

We must emphasize that these conclusions are based on
generalizations from a broad cultural perspective and do not
represent the personalities or specific tendencies of every in-
dividual. Actually, viewing culture as a nation-based trait has
been criticized, as societies are heterogeneous mixes of peo-
ple with different ethnicities, social classes, and family sys-
tems (Dabiriyan Tehrani & Yamini, 2022b). The diversity
within each culture should not be overlooked, and the for-
mation of stereotypes should be avoided. Scores represent
LLM-generated outputs, not the authors’ views.

Experiment IV: Cross-Gender Assessment of
LLMs’ HVIC Traits

This experiment employed a role-playing paradigm, wherein
different LLMs simulated perspectives of females and males
to evaluate their performance on the INDCOL scale. The aim
was to understand how these models interpret and express
the Horizontal-Vertical Individualism-Collectivism (HVIC)
traits associated with different genders. By comparing scores
across gendered perspectives, we can explore the variations in
how LLMs represent gender-specific cultural characteristics.
It is important to note that this study aims to reflect existing
societal patterns as understood by the models and does not
endorse any form of gender stereotyping or discrimination.

Results and discussions. This section presents the ex-
perimental results as shown in Table 5. Unlike the similar
patterns models show when simulating different national cul-

tures, there is no consistent pattern across models in simulat-
ing HVIC traits between genders.

In ERNIE 3.5, Qwen2.5, and Claude 3.5 Sonnet, the HVIC
traits distributions between males and females are relatively
consistent, showing no significant differences across genders.
Only minor variations are observed in certain metrics. These
models tend to maintain a balance in HVIC across genders.

GPT-4o exhibits higher collectivist tendencies for females
with HC scores of 98 versus 90 for males and VC scores
of 88 versus 62, suggesting a stronger female inclination to-
wards group harmony and authority. In contrast, GPT-4o mini
indicates a slight female advantage in personalism, with HI
scores of 90 for females and 85 for males, and VI scores of
60 and 55, implying greater female personal independence.
GPT-3.5 Turbo shows females scoring higher in horizontal
individualism (HI 92 vs. 85 for males) with minimal differ-
ence in vertical individualism (VI 57 vs. 52), while for col-
lectivism, it assigns slightly higher hierarchical collectivism
to males (HC 100 vs. 98 for females). Moonshot-v1 em-
phasizes stronger male collectivist tendencies, especially in
vertical collectivism (VC 100 vs. 88 for females), reflect-
ing greater male respect for authority. Among open-source
models, Mistral-7b demonstrates higher personalism scores
for males, particularly in horizontal individualism, with con-
sistent collectivism evaluations across genders. GLM-4-9b
reflects higher female collectivist tendencies in horizontal
collectivism (HC 75 vs. 80 for males; VC 75 vs. 65 for
males). LLaMA 3.1-8b also shows higher male personalism
in horizontal individualism while indicating that females have
a stronger tendency towards horizontal collectivism. Over-
all, this analysis reveals diverse simulations of gender HVIC
traits by different LLMs, each with unique understandings
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Models Australian Japanese Nigerians New Zealanders

HI VI HC VC HI VI HC VC HI VI HC VC HI VI HC VC

Proprietary Models
ERNIE 3.5 85 50 90 75 80 45 90 82 82 62 90 82 85 45 90 72
Qwen2.5 78 60 55 78 75 42 82 78 92 52 100 100 90 48 100 92
Claude 3.5 Sonnet 82 50 92 62 42 48 95 90 72 52 100 88 82 52 92 65
GPT-4o 85 38 88 55 60 45 88 68 75 48 92 75 72 48 92 65
GPT-4o mini 88 52 88 72 78 55 85 85 85 50 95 78 85 48 92 68
GPT-3.5 Turbo 92 50 82 62 75 48 98 78 88 45 85 72 88 48 88 68
Moonshot-v1 85 48 82 70 85 50 82 82 90 52 82 82 85 50 82 80

Open-Source Models
Mistral-7b 82 42 80 85 85 42 80 88 85 62 92 88 85 45 95 95
GLM-4-9b 78 70 72 82 82 70 78 88 82 75 72 70 80 62 85 82
Vicuna-7b 72 70 85 70 75 60 82 68 70 68 88 70 70 60 78 65
LLaMA 3.1-8b 80 42 92 68 72 40 90 82 65 25 95 72 88 35 100 72

Table 4: We used the INDCOL scale to assess multiple LLMs on their HVIC traits across different national cultural back-
grounds. By employing a role-playing paradigm, we prompted the LLMs to simulate individuals from various countries. This
table presents data for the Australia, Japan, Nigeria, and New Zealand, with all scores normalized to a total of 100 points.

Models Female Male
HI VI HC VC HI VI HC VC
Proprietary Models

ERNIE 3.5 85 50 90 78 80 50 90 72
Qwen2.5 92 50 98 82 95 50 98 82
Claude 3.5 S 62 30 90 70 62 30 85 68
GPT-4o 90 57 98 88 82 52 90 62
GPT-4o mini 90 60 95 72 85 55 95 72
GPT-3.5 Turbo 92 57 95 82 85 52 98 70
Moonshot-v1 70 40 98 88 90 45 100 100

Open-Source Models
Mistral-7b 70 45 92 88 82 50 92 82
GLM-4-9b 88 52 75 75 85 52 80 65
Vicuna-7b 75 50 80 62 72 65 80 57
LLaMA 3.1-8b 80 48 88 78 90 52 78 68

Table 5: INDCOL scores for LLMs simulating female and
male perspectives, showing HVIC traits.

likely shaped by variations in training data and design.
Existing research suggests that women are often perceived

as more collectivist than men, with a greater tendency to care
for others (Lampridis & Papastylianou, 2017). Conversely,
men are generally seen as more individualist, focusing more
on themselves and supporting competitive goals (Gaeddert &
Facteau, 1990). Some models, such as Claude 3.5 S, have
successfully captured this distinction. Some studies show
that men have higher VI than women, while women exhibit
higher HC than men (Dabiriyan Tehrani & Yamini, 2022b).
Mistral-7b and Claude 3.5 S respectively reflect these find-
ings. These results highlight the complexity and diversity of
LLMs in simulating human cultural traits, underscoring the
need for further research to ensure AI systems can fairly and

accurately reflect real-world cultural and gender differences.
Existing research indicates that national-level cultural dif-

ferences (individualist vs. collectivist societies) can mod-
ify gender differences in HVIC traits (Dabiriyan Tehrani &
Yamini, 2022b). For instance, in individualist societies, males
exhibit higher vertical individualism compared to females,
whereas in collectivist societies, there are no significant gen-
der differences (Dabiriyan Tehrani & Yamini, 2022b). Ad-
ditionally, age has been found to influence HVIC trait varia-
tions between genders (Dabiriyan Tehrani & Yamini, 2022b).
Due to space limitations, we omitted analyses of multi-factor
interactions, highlighting avenues for future research. Scores
represent LLM-generated outputs, not the authors’ views.

Conclusion
HVIC dimensions are crucial for cultural cognition, indicat-
ing the relative importance of autonomous self and group
harmony within cultural groups. This study pioneers the in-
vestigation of HVIC traits in LLMs, addressing gaps in AI’s
cultural and social cognition. Using quantitative (INDCOL
scale) analysis, we found that LLMs exhibit distinct HVIC
traits influenced by their training and design. We use role-
playing paradigms to verify LLMs’ ability to simulate na-
tional cultural and gender-based differences, and demonstrate
their understanding of HVIC dimensions in human national
and gender cultures. This study not only helps advance AI’s
practical applications and promotes more inclusive AI tech-
nologies, but also deepens our research on the social and cul-
tural cognition of AI. All experimental prompt settings will
be made publicly accessible later.
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