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regression. Results revealed that, when in Chinese (versus English), 
GPT’s responses displayed more intuitive (versus analytic) reasoning, 
regression coefficient (B) = 0.88, standard error (SE) 0.11, z = 8.26, 
P < 0.001, 95% CI 0.68–1.10. Results remained robust when we 

conducted an ordinary least squares (OLS) regression, in which the 
number of categorical syllogisms deemed logically invalid was treated 
as a continuous variable, B = 1.75, SE 0.11, t = 15.92, P < 0.001, 95% CI 
1.53–1.97.
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Fig. 1 | When used in Chinese (versus English), GPT exhibited a more 
interdependent (versus independent) social orientation. a–d, GPT’s cultural 
tendencies in social orientation were examined using the Collectivism Scale29 (a), 
the Individual Cultural Values: Collectivism Scale19 (b), the Individual–Collective 

Primacy Scale16 (c) and the Inclusion of Other in the Self Scale30 (d). Bars represent 
the mean level of interdependent (versus independent) social orientation for each 
language condition. Error bars indicate standard errors of the mean. For each 
measure, NChinese = 100, NEnglish = 100. For detailed statistics, see Table 1.
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Fig. 2 | When used in Chinese (versus English), GPT exhibited a more holistic 
(versus analytic) cognitive style. a–c, GPT’s cultural tendencies in cognitive 
style were measured by Attribution Bias Task32 (a), the Intuitive Reasoning Task24 
(b) and the Expectation of Change Task26 (c). Bars represent the mean level of 

holistic (versus analytic) cognitive style for each language condition. Error 
bars indicate standard errors of the mean. In a, NChinese = 1,200, NEnglish = 1,200 (12 
vignettes, 100 iterations each); in b and c, NChinese = 100, NEnglish = 100. For detailed 
statistics, see Table 1.
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Table 2 | When used in Chinese (versus English), GPT exhibited a more holistic (versus analytic) cognitive style: GPT was 
more likely to provide context-sensitive answers and range scores (versus single score)

Measures Context-sensitive answers Range scores (versus single score)

Chinese English Chi-square test χ2 P value Chinese English Chi-square test χ2 P value

Collectivism Scale29 35% 4% 30.61 <0.001 56% 0% 77.78 <0.001

Individual Cultural Values: Collectivism Scale19 11% 0% 11.64 <0.001 14% 0% 15.05 <0.001

Individual–Collective Primacy Scale16 75% 8% 92.45 <0.001 71% 6% 89.22 <0.001

Inclusion of Other in the Self Scale20,30 30% 2% 29.17 <0.001 65% 37% 15.69 <0.001

Expectation of change task. This task measures GPT’s expected prob-
ability that a change will happen in the future (for example, children 
who fought may become lovers as adults; a 3-year chess champion 
may lose in the next game)26. Higher scores indicate more holistic 
thinking that conceptualizes life as dynamic and ever-changing, rather 
than fixed in the present moment33. Previous research has found that, 
compared with US individuals, Chinese individuals are more likely to 
anticipate changes in the future26.

Because the outcome variable (probability) is continuous and 
bounded between 0 and 1, we performed a beta regression. Consistent 
with the well-established cultural differences between Chinese and 
North Americans26, we found that, when in Chinese (versus English), 
GPT’s responses reflected a higher expectation of change (that is, 
more holistic thinking), B = 0.40, SE 0.03, z = 14.11, P < 0.001, 95% CI 
0.35–0.46. Results remained robust when we conducted an OLS regres-
sion, B = 0.09, SE 0.01, t = 13.83, P < 0.001, 95% CI 0.08–0.10.

Each of the above three cognitive style measures (attribution bias 
task, intuitive/formal reasoning task and expectation of change task) 
compared numeric scores reported by GPT in Chinese versus English. 
To further assess GPT’s cognitive style, we also conducted text analysis 
of GPT’s free responses to examine whether GPT was more likely to 
provide (a) context-sensitive answers or (b) range scores (versus single 
score) when used in Chinese (versus English). These text analysis meas-
ures also mitigate the concern that GPT might have learned published 
psychometric tasks from training data.

Context-sensitive answers. As explained earlier, a holistic (ver-
sus analytic) cognitive style is characterized by greater sensitiv-
ity to the context13,21,22. Thus, we analysed how often GPT provided 
context-sensitive answers (that is, offering different answers for dif-
ferent contexts) instead of a single definitive answer. For example, for 
the Inclusion of Other in the Self Scale, a definitive answer from GPT 
was: ‘Pair (5) could represent friends, as it shows a good amount of 
overlap, indicating shared interests and time spent together, but with 
each circle maintaining its own space.’ By contrast, a context-sensitive 
answer from GPT was: ‘Pair (3) or (5) could represent friends, depend-
ing on the closeness of the friendship. Pair (3) for more casual friends 
with some shared interests, and pair (5) for closer friends with more in 
common.’ As shown in Table 2 and Fig. 3, GPT was more likely to provide 
context-sensitive answers when used in Chinese (versus English) for 
each measure (each chi-square test χ2 > 11.64, each P < 0.001).

Range scores (versus single score). We also examined the extent to 
which GPT’s responses reflected a holistic cognitive style by providing 
a range of scores rather than a single score. For example, for the Inclu-
sion of Other in the Self Scale, a range-score answer was: ‘Pairs (2) to (4) 
would be suitable, as friends share some aspects of life but also main-
tain their individuality and separate experiences.’ As shown in Table 2 
and Fig. 3, GPT was more likely to give a range-score answer when used 
in Chinese (versus English) for each measure (each chi-square test 
χ2 > 15.05, each P < 0.001).

Together, the five measures of cognitive style converge to show 
that, when in Chinese (versus English), GPT’s responses are more 

holistic (versus analytic). This cultural tendency emerged both when 
we analysed GPT’s numeric scores and when we analysed the likelihood 
that GPT provided (a) context-sensitive answers and (b) range scores 
(versus single score).

Robustness checks
To ensure the robustness of our findings, we conducted four additional 
sets of analyses.

Robustness check 1. In the analyses above, GPT provided free-text 
explanations in addition to numeric scores (for example, prompt: ‘Two 
kids are fighting at kindergarten. How likely is it that they will become 
lovers someday?’ GPT’s response: ‘5% – It’s quite rare for childhood con-
flicts to turn into romantic relationships, but it’s not impossible’). As a 
robustness check, we conducted another set of analyses with identical 
prompts, but instructed GPT to respond with a single numeric score, 
without explanations (for example, GPT’s response: ‘5%’). Results are 
substantively similar (Supplementary Table 1).

Robustness check 2. Like other large language models, GPT is stochas-
tic and generates varying responses to the same prompt. The variability 
in its output is determined by a temperature parameter34. Following 
the literature, “to minimize the variance in the model’s responses and 
thus increase the replicability of our results”28, we set the temperature 
parameter to 0 for all analyses above (Tables 1 and 2 and Supplementary 
Table 1) (when the temperature parameter is set to 0, the variance is 
small but not zero). As a robustness check, we repeated all analyses with 
temperature set to 1 to increase the variability in GPT’s output. Results 
are substantively similar (Supplementary Tables 2–4).

Robustness check 3. Furthermore, we examined whether the hypoth-
esized cultural tendencies also appeared when we used different gen-
der pronouns in vignettes (for example, changing ‘she performed four 
additional charity concerts’ to ‘he performed four additional charity 
concerts’)35. Results are substantively similar (Supplementary Table 5).

Robustness check 4. We also conducted a series of robustness checks 
by varying prompt formats (for example, replacing space with tab; 
replacing colon with dash)36. Results are substantively similar (Sup-
plementary Tables 6–12).

Exploratory analyses I—the impact of cultural 
tendencies
The main analyses above have provided converging evidence for cul-
tural tendencies in generative AI: when used in Chinese (versus English), 
GPT exhibited a more interdependent (versus independent) social 
orientation and a more holistic (versus analytic) cognitive style. To 
further understand the practical implications of generative AI’s cultural 
tendencies, we explored whether generative AI models provide differ-
ent recommendations when used in Chinese versus English.

We asked GPT to advise a start-up on selecting an advertising 
appeal from two alternatives: one slogan has an independent social ori-
entation that emphasizes personal benefits (for example, ‘Your future, 

http://www.nature.com/nathumbehav
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your peace of mind. Our insurance.’), whereas the other slogan has an 
interdependent social orientation that emphasizes collective benefits 
(for example, ‘Your family’s future, your promise. Our insurance.’). To 
be robust, we utilized three pairs of advertising appeals for different 
products: (1) insurance, (2) shoes and (3) toothbrush. Following the 
main analyses, we ran 100 iterations each for the English and Chinese 
versions, and we reset the API for each iteration. Results show that, for 
each pair of advertising appeals, GPT was more likely to recommend 
the interdependent-oriented (versus independent-oriented) appeal 
when used in Chinese (versus English) (Supplementary Table 13: each 
chi-square test χ2 > 89.86, each P < 0.001). These findings provide evi-
dence for the real-world impact of generative AI’s cultural tendencies.

Exploratory analyses II—adjusting cultural 
tendencies
The findings above suggest that, as people increasingly use genera-
tive AI, its cultural tendencies may be shaping people’s attitudes and 
behaviours. This raises an important question: can these cultural ten-
dencies be adjusted?

To this aim, we explored a tendency adjustment strategy: cultural 
prompts. We conducted a new set of analyses in English, using identical 
prompts from the main analyses but adding a reference to the Chinese 
cultural context (‘You are an average person born and living in China’)37. 
Results show that, when we added this Chinese cultural prompt (ver-
sus not), GPT’s responses in English exhibited a more interdependent 
social orientation and a more holistic cognitive style (Supplementary 
Table 14). For each of the four measures of social orientation, GPT’s 
responses in English were more interdependent (versus independent) 
when we added (versus not) the Chinese cultural prompt, all P < 0.001. 
Similarly, when we added (versus not) the Chinese cultural prompt, 
GPT’s responses in English were more holistic (versus analytic) for 
the attribution bias task (t(2,381.6) = 7.03, P < 0.001, d = 0.29) and 

the intuitive (versus formal) reasoning task (B = 0.32, SE 0.12, z = 2.73, 
P = 0.006). Taken together, these findings show that prompting GPT 
to assume the role of a Chinese person made its responses in English 
more like its responses in Chinese (that is, more interdependent and 
holistic). In other words, the Chinese cultural prompt adjusted the 
cultural tendencies reported in the main analyses.

Discussion
We examined the social orientation and cognitive style of two popular 
generative AI models (GPT and ERNIE) by analysing their responses 
to a large set of identical measures in Chinese versus English. When 
used in Chinese (versus English), both GPT and ERNIE exhibited a more 
interdependent (versus independent) social orientation and a more 
holistic (versus analytic) cognitive style; the effect sizes (medium to 
large) were meaningful. In addition, exploratory analyses (1) provide 
evidence for the real-world impact of generative AI’s cultural tenden-
cies and (2) show that cultural prompts can adjust these cultural ten-
dencies. Our results are robust across (1) a variety of measures (Likert 
scales, vignette tasks, imagery tasks and text analysis), (2) different 
prompt formats (allowing generative AI models to respond freely 
versus forcing generative AI models to respond with a single numeric 
score without explanations) and (3) different model parameters (for 
example, temperature).

Theoretical contributions
This research offers important theoretical contributions by bridging 
social science and computer science38. First, we reveal that generative 
AI exhibits systematic cultural tendencies. This contribution is valuable 
because such cultural tendencies may not be apparent to many AI users, 
developers and researchers, as “many consider AI to be a consolidator 
of facts and inherently neutral”39. Indeed, some people may assume 
that changing a generative AI’s input language—like changing a phone's 
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Fig. 3 | When used in Chinese (versus English), GPT exhibited a more holistic 
(versus analytic) cognitive style: GPT was more likely to provide context-
sensitive answers and range scores (versus single score). GPT was more likely to 
provide context-sensitive answers on the Collectivism Scale29 (a), the Individual 
Cultural Values: Collectivism Scale19 (b), the Individual–Collective Primacy 
Scale16 (c) and the Inclusion of Other in the Self Scale30 (d). GPT was more likely 
to provide range scores (versus single score) on the Collectivism Scale (e), the 

Individual Cultural Values: Collectivism Scale (f), the Individual–Collective 
Primacy Scale (g) and the Inclusion of Other in the Self Scale (h). For a–d, bars 
represent the proportion of context-sensitive answers for each language 
condition. For e–h, bars represent the proportion of range scores (versus single 
score) for each language condition. For a–h, error bars indicate standard errors 
of the mean. For each measure, NChinese = 100, NEnglish = 100. For detailed statistics, 
see Table 2.
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language setting—does not substantively affect its output. Our results 
challenge this assumption.

Second, the incipient literature on culture and generative AI has 
focused on English and found that “the existing models are strongly 
biased towards Western, Anglocentric or American cultures”40. Our 
research challenges the generalizability of this “Western bias” by show-
ing that generative AI’s responses can also exhibit an “Eastern bias” 
when used in Chinese. In other words, our findings suggest that genera-
tive AI models do not inherently possess cultural biases. Rather, these 
observed cultural tendencies probably originated from real-world 
cultural tendencies embedded in large-scale textual data, on which 
generative AI models are trained. By indirectly demonstrating cultural 
tendencies in textual language—a fundamental and ubiquitous cultural 
product—our study contributes to the broader literature on cultural 
tendencies embedded in cultural products, such as books41,42 and 
advertisements (for example, advertisements in more collectivistic 
cultures tend to feature more interdependence between people)43. 
In this way, generative AI can serve as a barometer of cultural tenden-
cies in the world34,44, offering an additional methodological lens for 
studying culture.

Third, we examined two generative AI models developed in dif-
ferent countries (that is, the USA and China). Whereas prior social 
science research has focused mostly on generative AI models devel-
oped in the USA, we also analyse a generative AI model developed 
in China (Baidu’s ERNIE). By discovering similar cultural tendencies 
in both GPT and ERNIE, we provide converging evidence for our 
hypotheses, thereby further contributing to the literature on culture 
and generative AI.

Fourth, our exploratory analyses reveal that generative AI models 
may provide different recommendations when used in different lan-
guages. For instance, in advertising appeals, GPT was more likely to rec-
ommend the interdependent-oriented (versus independent-oriented) 
appeal when used in Chinese (versus English). These findings dem-
onstrate the real-world impact of generative AI’s cultural tendencies.

Practical implications
For developers. Our research highlights the importance of adopting 
a culturally aware approach when developing generative AI. Develop-
ers have been called upon to examine potential biases in generative 
AI models35,45. Here, we uncovered generative AI’s systematic cultural 
tendencies that developers need to consider. For example, OpenAI’s 

GPT and Baidu’s ERNIE could transparently acknowledge these cultural 
tendencies on their public websites. Notably, our findings are descrip-
tive rather than prescriptive. That is, we reveal and describe the system-
atic cultural tendencies in generative AI but do not prescribe whether 
such cultural tendencies are good or bad. Indeed, some people might 
argue that such cultural tendencies “should” be adjusted because gen-
erative AI models should produce substantively equivalent responses 
regardless of the language used (for example, no significant difference 
between Chinese and English responses). By contrast, other people 
might argue that such cultural tendencies “should not” be adjusted 
because it is useful that generative AI models provide more interde-
pendent and holistic responses in Chinese (for example, generating 
advertisements that feature an interdependent social orientation 
may be effective for Chinese consumers on average). We hope that 
our Article can stimulate such philosophical and normative debates, 
which are beyond the scope of our Article.

For individual users. Given people’s increasing reliance on genera-
tive AI, its cultural tendencies may have a direct impact on individual 
users’ attitudes and behaviours (for example, via AI-assisted adver-
tisements)—even without their awareness. In the long run, as more 
people use generative AI in their respective languages, generative AI’s 
culturally patterned outputs may magnify existing cultural tendencies 
in the world46. For example, net of other factors, English-speaking AI 
users may gradually become more independent and analytic, while 
Chinese-speaking AI users may gradually become more interdepend-
ent and holistic. This potential divergence in social orientation and 
cognitive style between English- and Chinese-speaking AI users may 
have meaningful ramifications in a globalized world (for example, for 
cross-cultural communications).

Furthermore, the cultural values embedded in generative AI may 
gradually bias speakers of a given language toward linguistically domi-
nant cultures. For example, the majority of English-language training 
data for GPT and ERNIE originates from individualistic Western cultures 
such as the USA and the UK47, yet English is also an official language in 
countries such as Singapore, India and Kenya that are typically consid-
ered collectivistic cultures48. As people in these collectivistic cultures 
increasingly use generative AI in English, they might become more 
independent and analytic over time, net of other factors. It is important 
to recognize cultural heterogeneity among users of the same language 
and diversify training data for generative AI models.

For organizational users. As organizations around the world increas-
ingly integrate generative AI into their workflows, it may influence 
decision-making and performance (for example, when a manager 
consults GPT or ERNIE for advice). Making organizational users aware 
of generative AI’s cultural tendencies enables them to make more 
informed choices about the language in which they use generative 
AI, rather than mistakenly assuming that language choice is neutral49.

Besides alerting individual and organizational users to the cul-
tural tendencies in generative AI, our research also identified cultural 
prompts as a strategy for adjusting generative AI’s cultural tenden-
cies. For example, before a US student studies abroad in China or a 
US organization enters the Chinese market, they could use relevant 
cultural prompts (for example, ‘You are an average person born and 
living in China’) to seek culturally appropriate advice from genera-
tive AI.

For non-users. Generative AI’s cultural tendencies may also have a 
far-reaching impact on non-users. For example, journalists and teach-
ers are channels that can broadcast the impact of generative AI50,51. 
When generative AI models are used by a journalist to edit a news arti-
cle or used by a teacher to create a lesson plan, these models’ cultural 
tendencies may be transmitted to numerous readers and students, 
indirectly shaping their attitudes and behaviours.

(1) (2) (3)

(6)(5)(4)

(7)

Fig. 4 | The Inclusion of Other in the Self Scale. GPT was asked to explicitly select 
one pair of circles that best represents the relationship between someone and 
his/her family members, friends, relatives or colleagues (order randomized). 
Larger numbers (greater overlap between the two circles) indicate higher 
interdependence.
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Limitations and future directions
This research has several limitations that can stimulate future research. 
First, our research focused on Chinese and English because they are 
the two most widely used languages in the world6 and have the most 
extensive training data for generative AI models7. To assess the general-
izability of our findings, future studies should examine generative AI’s 
cultural tendencies in other languages, such as Hindi, Spanish, French 
and Arabic. Such investigations could provide a broader understanding 
of generative AI’s cultural tendencies across different human languages.

Second, while the hypothesized cultural tendencies exist in both 
GPT and ERNIE, future research could explore whether similar cul-
tural tendencies exist in other large language models, such as Claude, 
DeepSeek and Google’s Gemini. In addition, it would be fruitful to 
monitor how these cultural tendencies evolve in future versions of 
large language models.

Third, while our focus on social orientation and cognitive style—
two foundational constructs in cultural psychology10–14—provides 
insights into systematic cultural tendencies in generative AI, it is 
important to acknowledge that no single framework can encompass 
all aspects of culture given its complexity and heterogeneity. Future 
studies could explore other frameworks for categorizing cultures, such 
as Hofstede’s cultural dimensions48 and tightness–looseness52, which 
may offer additional insights into cultural tendencies in generative AI.

Fourth, it would be fruitful to track generative AI’s cultural tenden-
cies over time. On the one hand, generative AI’s cultural tendencies 
may amplify existing cultural tendencies in the world, which may, in 
turn, shape future training data—potentially creating a self-reinforcing 
cultural feedback loop46,53,54. On the other hand, if developers take note 
of generative AI’s cultural tendencies, such tendencies may decrease 
over time. Such possibilities await future research.

Methods
To examine cultural tendencies in GPT’s responses, we used a large 
set of established measures of (a) social orientation and (b) cognitive 
style (Tables 1 and 2). We took several steps to mitigate the concern 
that GPT might have memorized published psychometric tasks from 
its training data. First, we changed the names and contexts in the origi-
nal items (for example, changing ‘Lucia and Jeff’ to ‘A and B’; changing 
‘baseball camps’ to ‘basketball camps’). Second, GPT was unable to 
learn unpublished items of some measures, which we obtained directly 
from the researchers. For example, for the attribution bias task, Kitay-
ama et al.’s publication32 did not detail the task materials, which they 
kindly emailed to us upon our request. Third, to be robust, we used 
diverse measure formats, including Likert scales, vignette tasks and 
(non-text) imagery tasks. Fourth, we conducted text analysis of GPT’s 
free responses to examine whether, when used in Chinese (versus 
English), GPT was more likely to provide (a) context-sensitive answers 
or (b) range scores (versus single score)—two features inherent to gen-
erative AI’s responses and unrelated to published psychometric tasks.

We excluded video-based tasks (for example, underwater anima-
tions task)27 as GPT-4 can process only images, not videos. We also 
avoided topics and questions that GPT refused to answer (for example, 
religiously sensitive topics)55.

Without using generative AI, we translated all English measures 
into Chinese using the translation and back-translation procedure56. 
Importantly, we avoided any explicit cultural references (for exam-
ple, ‘in Chinese culture’ and ‘for an average Chinese person…’) in any 
prompts, such that the only difference was whether a prompt was posed 
in Chinese or English.

We used the G*Power 3.1 software to determine the sample size 
needed for a small-sized effect (d = 0.4): 100 iterations per language 
were needed for two-sided independent-samples t-tests (d.f. 198) to be 
powered at 80% (see Supplementary Fig. 1 for the power analysis). Thus, 
for each measure, we ran 100 iterations for the English version and 100 
iterations for the Chinese version (that is, N = 200). Importantly, we 

reset the API for each iteration so that generative AI’s answer to a given 
item could not influence its answer to a subsequent item.

To further assess GPT’s cognitive style, we also conducted text 
analysis of GPT’s free responses. Whether or not GPT was more likely 
to provide (1) context-sensitive answers and (2) range scores for a given 
task served as two measures of cognitive style. Hence, it would not be 
methodologically clean to apply these two measures to the three tasks 
that are already designed to directly measure cognitive style (attribu-
tion bias task, intuitive (versus formal) reasoning task and expectation 
of change task). To be clean, we analysed whether or not GPT was more 
likely to provide (1) context-sensitive answers and (2) range scores only 
for the four social orientation measures.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Data are publicly available at https://osf.io/x6np5/.

Code availability
Data were analysed using R (version 4.3.1) in RStudio (version 
2024.04.2+764). Analysis code is publicly available at https://osf.io/
x6np5/.
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