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Abstract

The cognitive ability to understand the mental states of yourself and others is defined as
Theory of Mind (ToM). To assess the abilities of Large Language Models (LLMs), ToM tasks
are used. LLMs are biased and are affected by language. In psychology, people across different
cultures learn ToM at different rates and perform differently if primed for certain cultural
aspects. Moreover, prior research suggests that priming an LLM for a certain culture could
affect the responses given by an LLM. With this suggestion, the question arises whether LLMs
are affected in their ToM performance when culturally prompted. Hence, the goal of this study
is to assess whether cultural prompting in LLMs affects their performance on ToM tasks. In
this study, we chose four cultures based on the linguistic distance to English and Hofstede’s
cultural dimensions. Based on these cultures, LLMs are culturally prompted and perform
ToM tasks in the respective language they are primed with.

In this research, we found no significant differences between the culturally prompted and
the normal ToM performance, and we cannot conclude that cultural prompting affects the
performance of ToM tasks in LLMs.
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1 Introduction
Do Large Language Models (LLMs) understand us? Do they think like us, or do they share similar
abilities? With the popularity of ChatGPT [Ope25], these questions arise. We want to focus on
the social-cognitive abilities of LLMs. A method to assess whether LLMs have mental abilities is
the use of Theory of Mind (ToM) tasks. Theory of Mind is the cognitive ability to understand the
mental states of yourself and others [App10].
In psychology, ToM is tested in children to see how they develop the understanding that other
people may have other beliefs and mental states than they do [App10]. In previous research, it has
been studied how children learn ToM, or the absence of it in autistic children [App10].
Having insight into the social-cognitive abilities of LLMs is helpful in fine-tuning them or defining
their limitations. Furthermore, having insight on LLM’s ToM understanding may help with com-
municating and collaborating with them. LLMs have the ability to correctly answer ToM questions
and show human-level performance on ToM tasks [vDvDK+23]. The performance of LLMs on such
tasks varies depending on the task and LLM: some LLMs outperform young children [vDvDK+23],
and some struggle with ToM [CWZ+24]. Moreover, previous research shows how LLM performance
in ToM tasks is affected [SKN+24, TYJ+24].
However, a downside to modern LLMs is something all human-creations are sensitive to: bias.
Western LLMs, such as ChatGPT, are biased towards Western cultures and values [TVBK24]. This
is caused by the training data and the origin of LLMs [TVBK24]. LLMs perform better when their
input is in English than in any other language. Western culture is the baseline of LLMs, even when
trying to minimise bias. That is why previous research has been done on the influence of culture
and language [SKN+24, LCW+24]. How an LLM performs depends on the language of the input
and the context.
Now, there exists a gap in the research. Although there is research on the influence of languages and
cultural context in ToM questions [SKN+24], there is no previous research on priming an LLM for
a certain culture before answering ToM questions. This is called cultural prompting. Several studies
suggest that cultural prompting may be a method to minimise cultural bias [TVBK24, WJH+24].
However, the main goal of this study is not to minimise cultural bias but to research the influence
of cultural prompting in the social-cognitive domain. Understanding this could mitigate cultural
bias in future LLMs. This research aims to answer the following research question: Does cultural
prompting in LLMs affect performance of Theory of Mind tasks?
We expect to find a difference in ToM task performance when LLMs are culturally prompted
compared to when they are not, due to language and culture bias. Current LLMs perform better
with English or Chinese input compared to any other language [TVBK24]. If LLMs are culturally
prompted, it forces them to access the data on the relevant culture and language, which is less
compared to all data. Because the LLM is forced to access these parts, cultural prompting could
have either a positive or negative effect on ToM task performance.
In this study, the performance of ToM tasks in LLMs is researched using cultural prompting
with the benchmark provided by ToMBench [CWZ+24] in multiple LLMs. We chose four cultures
based on Hofstede’s cultural dimensions [Hof01] and the linguistic distance of the language of the
respective culture compared to English [CM05].
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2 Related Work

2.1 Theory of Mind in psychology
Much research on ToM has been done which indicates that ToM is influenced by culture. In the
study [WFP11], the authors concluded that Chinese children learn different ToM components first
compared to American children and that the children learn at different rates. In another study
[TVFH+17], the authors researched how collectivism and individualism influence ToM. Students
from the Netherlands, an individualism-representative country, and from Vietnam, a collectivism-
representative country, were randomly assigned to a collectivism-primed, individualism-primed,
or no-primed task before they performed ToM tasks. The researchers found that the Vietnamese
participants performed ToM tasks more accurately if they were collectivism-primed, and if they were
individualism-primed they performed worse compared to no-primed. The Vietnamese participants
were also slower in reaction time than the Dutch. The researchers suggested that the reason for
this difference in reaction time could be cultural or due to experience [TVFH+17]. For the Dutch
participants, it did not matter which type of priming was used and which ToM task was performed.

2.2 Hofstede’s cultural dimensions
Each country has its own culture, and with Hofstede’s cultural scale, each culture can be described
through six dimensions: power distance, uncertainty avoidance, individualism vs. collectivism,
motivation towards achievement and success [CFF+24], long vs. short-term orientation [Hof01],
and the most recent dimension: indulgence vs. restraint [HHM10].

Dimension 1: Power distance According to Hofstede, power distance refers to the extent people
low in the hierarchy in organisations or institutions accept and expect unequally distributed
power [Hof01]. For instance, if you are low on the social ladder in a student association, then
you expect and accept that you do not have the same privileges as someone that is higher in
the hierarchy than you. In this example, there is a high power distance.

Dimension 2: Uncertainty avoidance Uncertainty avoidance refers to how tolerant a society
is with ambiguity and uncertainty [Hof01]. The more fixed rules and habits there are in a
society, and the more a society is anxious about the unknown, the more uncertainty avoidant
that society is. A uncertainty-avoidant society aims to know the truth at all times, instead
of leaving something unknown and ambiguous. Meanwhile, uncertainty-accepting societies
tolerate the uncertainty and ambiguity and have fewer fixed rules and habits.

Dimension 3: Individualism The individualism vs. collectivism dimension refers to what extent
the people in a society feel independent [Hof01]. In an individualistic society, individual choices
and decisions are expected. In a collectivistic society, people feel interdependent as members
of a larger whole. Individual decisions are less important than the decisions of the community.
The people in individualistic societies associate themselves with their independence. They
also focus more on separate details than the whole picture. People in collectivistic societies
associate themselves with the group they are a part of, and they look at the whole picture
before they notice all the separate details.
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Dimension 4: Motivation towards achievement and success The motivation towards achieve-
ment and success dimension, previously called the masculinity dimension in [Hof01], refers to
the extent a society values achievements and success [CFF+24]. A high achievement motivation
society expects their people to be tough. Moreover, winning is very important, and people
in these societies value quantity above quality. As opposed to a low achievement motivation
society, in which competition is not so endorsed, and winning is not the most important goal.

Dimension 5: Time orientation The long-term vs. short-term orientation refers to how a society
deals with change [Hof01]. In a long-term-orientated society, their focus is on change. A long-
term-orientated society is always preparing for the future. In a short-term-orientated society,
their focus is on the state of the current world. A short-term-orientated society uses the past
as a moral compass since they view the current world to be the same as the world of the past.
They use the past as a guide to live a good life. However, in a long-term-orientated society,
using the past as a moral compass or as a guide is not needed since they view the past world
as different.

Dimension 6: Indulgence The indulgence dimension refers to a society’s view on the focus of
life [HHM10]. In an indulgent society, it is good to experience freedom and give in to your
indulgences. Making friends is important, and life makes sense to people in an indulgent
society. In a restrained society, duty is the most important thing. People in a restrained
society experience a feeling that life is hard.

2.3 Linguistic distance
Linguistic distance refers to the distance between one language and another [CM05]. In this study, we
will define it as the distance between the English language and other non-native English languages,
as in the paper [CM05]. This research provides a methodology for measuring linguistic distance
and also provides a language score for multiple non-English languages based on the approximate
time needed to learn English [oLS93]. The language score ranges from 3.00 (easy to learn) to 1.25
(hard to learn) [CM05].

2.4 Theory of Mind, culture, and performance in LLMs
The presence of bias in LLMs has been researched and proven; LLMs pick up cultural values from
their training data, with some values weaker than others [AKA23]. In the study [TVBK24], the
researchers found that most of the LLM values align more with the Western values. This is caused
by the training data of the LLMs, which are mostly Western and Chinese, and explains the bias in
LLMs. Moreover, the authors found that ChatGPT has a gender bias due to the training data.
Additionally, the authors of the study [HRS+23] found that LLMs are not multicultural; even when
prompted with other languages, most LLMs still align more with Western values. The authors
conclude that multilingual LLMs do not properly learn cultural nuances, specifically in emotions.
As mentioned in their research, an LLM prompted in Japanese behaves as an American who is
fluent in the language but is unaware of the culture [HRS+23]. This finding is also found in the
study [WJH+24].
To mitigate the cultural bias problem, the study [LCW+24] created a cultural LLM to combat this
issue. In the study [SKN+24], the researchers introduce a multilingual dataset with cultural context

3



in their ToM tasks. They found that LLMs are less accurate when cultural nuances are introduced
in the tasks.
Another way to mitigate the problem of cultural bias is by using cultural prompting, as suggested
in previous studies [WJH+24, TVBK24].
The use of cultural prompts is not a new concept. One study used cultural prompting to research
the underlying cultural background of ChatGPT [CZL+23]. The authors found that it had a strong
alignment with American culture when culturally prompted with American context, more so than
when prompted with other cultures. An important finding of their research is that prompting with
English reduces variance in the models’ responses and reduces the bias towards American culture.
Now, ToM has been a topic of interest with respect to LLMs. Previous research shows that LLMs
can perform ToM tasks [vDvDK+23, TYJ+24, CWZ+24]. The newer ChatGPT models are even
performing better than children between the ages of 7 to 10 [vDvDK+23].
In the study ToMBench: Benchmarking Theory of Mind in Large Language Models [CWZ+24], the
researchers provide their own dataset to extensively test LLMs in ToM tasks in Chinese and English.
The authors also found that Chain of Thought prompting did not change the LLM’s accuracy score,
which contradicts earlier work [MH23].
In the study [TYJ+24], the researchers found that persona-based prompting affects an LLM’s
performance on ToM tasks.

3 Methods

3.1 Cultures and Cultural prompting
As shown in Section 2, LLMs have a bias towards Western culture [TVBK24] and outperform other
languages using English [SKN+24]. Moreover, LLMs give different outputs for each language for the
same input [LCW+24]. To ensure that LLMs use the cultural values in the prompts, the benchmark
must be in the language of the respective culture. Due to these factors, we chose to translate the
benchmark into the main language of the chosen cultures. In this research, we chose the following
four cultures for cultural prompting: French, German, Russian, and Thai.

Culture Linguistic Dimensions
distance PD UA IV M TO IG

French 2.50 68 86 71 43 63 48
German 2.25 35 65 67 66 83 40
Russian 2.25 93 95 39 36 81 20
Thai 2.00 64 64 20 34 32 45

Table 1: The scores of the chosen cultures for the evaluation. Here, PD is the power distance, UA
is uncertainty avoidance, IV is individualism, M is motivation towards achievement and success,
TO is the time-orientation and IG is the indulgence dimension.

To evaluate the cultures and the respective languages, we use Hofstede’s cultural scale [Hof01,
HHM10] and linguistic distance [CM05, oLS93]. The linguistic distance has to be approximately
the same for each culture, and each culture has to score differently on the cultural scales. The
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scores of the evaluations are shown in Table 1. Each culture had approximately a linguistic distance
of 2.25, with a range between 2.00 and 2.50.
In the cultural prompts, each culture is described by their scores on Hofstede’s dimensions [Hof01,
HHM10]. The cultures do not have to differ from each other in all dimensions, but should be
distinguishable. For example, both Russian and Thai are collectivistic cultures, while French and
German are individualistic. However, Russian and Thai are distinguishable from each other in the
time-orientation dimension, and French and German are distinguishable from each other in the
power distance dimension.
A cultural prompt is the combination of the ‘vanilla prompt’ provided in ToMBench [CWZ+24],
and descriptions based on their cultural scores. As an example, the French cultural prompt is given
below as a text box:

Cultural Prompt for French Evaluation

You are French, born and raised in France and still living in Paris. You are a very individualistic
person. You value individualism and freedom above all else. You feel independent. You are
also moderately long-time orientated. You prepare for the future, and you are less inclined to
use the past as a moral compass. You accept that there is a hierarchy in your culture. There is
a power distance between you and your boss and the people above you, and you mostly expect
and accept this unequal distribution of power. You do not expect men to be tough. You do
not openly endorse competing, and you have sympathy for the underdog. You are not openly
gendered, and men and women in your culture are somewhat emotionally close. You are very
anxious and distrustful of the unknown. You are very intolerant of uncertainty and ambiguity.
You prefer fixed habits, rituals, and knowing the truth most of the time. You are ambivalent
about indulgence. Sometimes, you believe in duty and that life is hard. Other times, you
believe life is meaningful, friends are important, and it’s good to follow your impulses.
Since you are French, all questions will be presented in your language. Please answer from
this cultural perspective.
----
[Vanilla Prompt added.]

We chose to culturally prompt in English to minimise variance [CZL+23]. The normal prompt,
or no-cultural prompt, contains only the ‘vanilla’ prompt. Below is the text box of the ‘vanilla’
prompt:
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Vanilla Prompt

Below is a multiple-choice question with a story and several answer options. Based on the
content of the story and the given question, please infer the most likely answer and output
the answer index.
Note: (1) Please only output the most likely answer index in the format: [[Answer Index]],
for example, if the most likely answer option is ’A. Handbag’, then output ’[[A]]’;
(2) You must choose one of the given answer options ’A, B, C, D’ as the most likely answer,
regardless of whether the story provides enough information. If you think there is not enough
information in the story to choose an answer, please randomly output one of "[[A]]",
"[[B]]", "[[C]]", or "[[D]]";
(3) Please only output the most likely answer index based on the given information, and do
not output any other content.

The cultural prompts of the other cultures are found in Section B.

3.2 Benchmark

Figure 1: Figure reproduced from the research of ToMBench [CWZ+24]. The figure shows the full
ToMBench inventory of abilities and tasks. The index next to the ability represents which task or
file the ability is tested in. The ‘#’ index represents a separate file for ability testing.

To test the performance of ToM tasks in LLMs, we use the ToMBench benchmark [CWZ+24]. The
benchmark and its code to run the benchmark are obtained from the official ToMBench repository
on GitHub [CWZ+24].
ToMBench is a Chinese benchmark that is specifically made for testing ToM in LLMs. Although the
benchmark is originally in Chinese, they also provide English translations. The benchmark contains
20 JSONL files with ToM questions. Eight files represent the classic ToM tasks: the ‘Unexpected
Outcome’ test, the ‘Ambiguous Story’ task, the ‘False Belief’ task, the ‘Faux Pas Recognition’ test,
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the ‘Persuasion Story’ task, the ‘Scalar Implicature’ test, the ‘Hinting Task’ test and the ‘Strange
Story’ task. The other files are meant to assess 31 ToM abilities, as well as the task files. All 31
abilities fall under the following 6 root abilities: ‘Intention’, ‘Belief’, ‘Desire’, ‘Emotion’, ‘Non-
literal Communication’, and ‘Knowledge’. See Figure 1, reproduced from the paper of ToMBench
[CWZ+24], for an overview of the ToM tasks and abilities.
The performance of these tasks and abilities are assessed using stories. Each story describes a
fictional situation, and to test the LLM’s perspective and understanding of these stories, questions
are asked. These are either multiple-choice or true-false questions. The benchmark also provides
the correct answers to these questions and uses accuracy as a metric [CWZ+24].
ToMBench provided two prompting methods: ‘vanilla’ and Chain of Thought (CoT) [CWZ+24].
With the ‘vanilla’ method, the LLM is asked to answer the right choice directly. The CoT method
forces the LLM to provide step-by-step reasoning before answering the correct option. However, in
this study, we focus solely on the ‘vanilla’ prompting method, as the authors of ToMBench found
that there was no significant difference between the accuracy of the LLMs using CoT and using
‘vanilla’ with their benchmark [CWZ+24].
Additionally, the authors of ToMBench [CWZ+24] ran each question 5 times per LLM and selected
the most frequently answered choice as the LLM’s final answer to the question. The order of the
multiple-choice is randomly shuffled each time to reduce bias. In this study, we chose to run the
benchmark once, as ToMBench has an extensive number of ToM questions. If an LLM answers
a question randomly or due to bias, these answers will be averaged out by the sheer number of
questions.
In this research, we used the English version of the benchmark, and we compared our results with
the English results of ToMBench.

3.3 Translating agent
To translate the benchmark, we created a translating agent. This agent is based on the translating
agent in the study [SKN+24]. Our translating agent consists of three agents: the first agent prunes
the dataset to English fields only and translates only the specified English texts in ToMBench
[CWZ+24] to the target language. The second agent reviews the translation of the first agent with
the original file. The third agent refines the given translation based on the original input, the
translated input, and the feedback given by the second agent. Additionally, it prunes the review
columns of the second agent. Now, the full translating agent gives the translated JSONL files in the
target language based on the original texts of ToMBench. Each agent is created with GPT-3.5-
turbo-0125 [Ope23]. However, while running the first translations with ChatGPT-3.5-turbo, we
found that it often silently fails when translating non-Western languages, such as Thai and Russian.
To combat this, ChatGPT-4o-2024-08-06 [OAA+24] is used for the retries in translating agent 1.
The pipeline and the exact prompts of the translating agents are found in Section A.

3.4 Testing
We run the translating agent once for each culture and for each file. Then, the translated benchmark
is run once for each prompting type: cultural and normal. These prompts are provided in the
system messages of the LLMs. All code is run with Python version 3.10.12. We test with various
LLMs, corresponding to the LLMs used in ToMBench [CWZ+24]. These LLMs are: GPT-4-0613
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[OAA+24], Mistral-7B-v0.3 [AI23], Llama-2-13B-Chat [TMS+23], and Qwen-14B-Chat [BBC+23].
Due to time and cost constraints, GPT-4 is only tested in French.

3.5 Statistical tests
To test the significance of cultural prompting, we use the linear mixed-effects model [PB00] due to
the randomness of tasks and the hierarchical structure of the data. The model predicts accuracy
based on the prompting type, the language, and their interaction. The ToM tasks and abilities
are selected as the random intercept. The following model assumptions are assessed: the residuals
follow a normal distribution and the residuals are independent. These are assessed using model
plots, such as a histogram, a Q-Q plot, and a residual vs. fitted plot. To test whether the use of
random intercepts is justified, the likelihood ratio test is used to compare the mixed-effects model
with a simple model. If the model meets all assumptions, the robustness is tested by refitting the
model after removing 10 potential outliers with high accuracy. Finally, the final model will be
compared with the model that predicts accuracy based only on language. Here, we calculate the
p-value of the cultural prompting effect using the likelihood ratio test. For further analysis, the
effect size of cultural prompting is calculated by fitting a scaled model such that the coefficients
are standardised. These coefficients simulate the Cohen’s d [Coh88] or effect size. Additionally, the
model will also be used on a task-only dataset and an ability-only set.
Although not a statistical test, the coherent test is used as in ToMBench [CWZ+24]. The coherent
test shows whether LLMs understand a story or if they are making an educated guess. If all
questions in a story are answered correctly, then the LLM shows a complete understanding of that
story [KSZ+23]. The coherent test counts all correctly answered stories in the tasks. If one question
in a story is answered incorrectly, then the coherent accuracy of that story is 0%. The average
coherent score in a task will drop significantly if an LLM takes multiple educated guesses. Vice
versa, the average coherent score will be approximately the same as the original score if an LLM
has a complete understanding of the stories.

4 Results

4.1 General prompting effect
The overall performance among various LLMs is shown in Figure 2. This average is calculated
over all languages (French, German, Russian, and Thai) and over all 8 ToM tasks and the 6 main
abilities. The results show that the translated benchmark performed around 10% worse compared
to the original English benchmark from ToMBench [CWZ+24], excluding GPT-4. Moreover, the
results from the translated benchmark had a smaller standard deviation than ToMBench. Within
the LLMs, Qwen performed the best and Llama2 the worst. As stated in Section 3.4, GPT-4
was run only in French and not with all languages. For a fair comparison, the GPT-4 results
are excluded from the main comparisons. Comparing only the French results, GPT-4 achieved
the highest performance for both prompting types. However, the difference between cultural and
normal prompting is consistent with the other LLMs. Furthermore, the French results of GPT-4
are consistent with the English GPT-4 results from ToMBench [CWZ+24]. For precise accuracy
scores for each ToM task and ability, see Section C.
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Turning to the statistical analysis, we tested the assumptions of the mixed-effects model and found
that it met all the assumptions. For further details of the results of the assumptions, see Section D.
We tested the justification of the model using the likelihood ratio test on the mixed model and the
simple model, which yielded a p < 0.05. The use of the mixed-effects model with random intercepts
is justified. To test the robustness, we refitted the model without potential outliers, and the results
did not change. For detailed output of the model, see Section E.
The likelihood ratio test showed that the effect of cultural prompting alone had a p = 0.767.
Furthermore, the model predicted that the use of the German, Russian, and Thai languages results
in lower accuracy. Moreover, no significant interaction was found between the language and cultural
prompting for each language.
The average performance between cultures is shown in Figure 3. In general, French performed the
best with an average accuracy of 50%, and Thai the worst with an average accuracy of around
30%. In addition, French and Thai performed worse with cultural prompting compared to normal
prompting, and German and Russian performed slightly better. The mixed-effects model revealed a
p < 0.001 for the effect of language on ToM tasks and abilities compared to French. The effect size
of cultural prompting was < 0.1 for all languages.

Figure 2: The average accuracy of the 8 ToM tasks and 6 main abilities per LLM compared with
the results of ToMBench [CWZ+24]. For a fair comparison, the French GPT-4 results are excluded.
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Figure 3: The average accuracy of ToM tasks and abilities for each prompting type across languages.
For a fair comparison, the French GPT-4 results are excluded.
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Figure 4: The average accuracy per ToM task for normal prompting and cultural prompting per
language, including the standard deviation. This figure also shows the results of the coherent test.
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Figure 5: The average accuracy per ToM ability for normal prompting and cultural prompting per
language, including the standard deviation.
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4.2 Effect per task
The general results for each ToM task are presented in Figure 4. The full, detailed results are found
in Table 2 in Section C. All languages followed the same accuracy distribution among the ToM
tasks. Thai performed worse compared to other languages, which is consistent with the results
shown in Figure 3. All languages performed the best in the ‘Faux Pas Recognition’ test and the
worst in the ‘Scalar Implicature’ test. This is consistent with the results of ToMBench [CWZ+24].
It varied whether cultural prompting slightly affected performance negatively or positively.
The mixed-effects model revealed the same results for the specific tasks as for the general data.
The general model was tested for outliers, but since the task model behaved the same as the
general model, no adjustments were applied. The effect sizes for tasks only were the same for most
languages as the general results. Russian had a very small effect with a standardised coefficient of
−0.125.
Figure 4 shows the original average results and the coherent average results per ToM task. For the
coherent scores, the accuracy distribution varied for each language. The ‘False Belief’ task had a
large performance drop from the original score to the coherent score for all languages. These drops
varied between languages: French had a drop from 50% to 10%, while Thai had a drop from 40%
to 20%. The task ‘Faux Pas recognition’ also demonstrates this performance drop difference. Here,
French had a drop from 50% to 20%, and Thai from 45% to 40%. This observation is also seen in
these two tasks between German and Russian. The ‘Persuasion Story’ task had no performance
drop for every language since every question in the benchmark had different stories. Noticeably, the
’Hinting Task’ also had no performance drop, while the ToMBench results did [CWZ+24].
Regarding other tasks, all languages had a different performance drop compared to ToMBench
[CWZ+24]. For example, for all languages the ‘Unexpected Outcome’ test had an average perfor-
mance drop of 5%. In ToMBench, this is almost 40% for most LLMs [CWZ+24]. This difference
in performance drop is also seen in the tasks ‘Strange Story’, ‘Scalar Implicature’, and ‘Ambigu-
ous Story’. For the original results, the distribution of accuracy between tasks is the same as in
ToMBench [CWZ+24].

4.3 Effect per ability
The ability results are shown in Figure 5. The full, detailed ability results are found in Table 3 in
Section C. In Figure 5, the ‘Knowledge’ ability had more variance between normal and cultural
prompting. Russian and German performed noticeably better using cultural prompting; meanwhile,
Thai and French performed worse. The difference in prompting for French is almost negligible. The
‘Knowledge’ ability had the highest standard deviation among all abilities for both prompting types.
As in Figure 3, Thai performed worse compared to the other three languages.
The mixed-effects model on the abilities revealed the same results as for the general results. For
this reason, no outlier adjustments were applied. The effect sizes for ability only were the same for
all languages as for the general results.
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5 Discussion

5.1 General results
Based on the results of this research, cultural prompting in LLMs does not affect the performance
of ToM tasks. No significant differences were found for the general effects of cultural prompting.
This finding does not reject the null hypothesis, which is that cultural prompting does not affect
ToM performance in LLMs. This could mean that cultural prompting does not cause any effects in
the performance of ToM tasks in LLMs or that the methodology was not adequate to study the
effect. The results also showed that there is no significant difference between the prompting types
for each language.
Moreover, the results revealed that there was a significant performance difference between the
languages themselves. This difference is caused by cultural bias. The fewer resources an LLM has
on a language, the worse it performs, as seen in Figure 3. The observation made here that French
and German, as Western languages, performed better is in line with earlier work [SKN+24]. This
shows that the language used in LLMs matters. Western languages perform better compared to
non-Western languages. The difference in culture could be another explanation. German and French
are individualistic cultures, while Thai and Russian are collectivistic cultures.

5.2 Effect per task and per ability
The task results show that cultural prompting does not have significant effects on the performance
of either the original results or the coherent results.
Regarding the interaction between language and the effect of cultural prompting in specific ToM
tasks, the effect of cultural prompting is insignificant for all languages. Moreover, the effect size is
reportedly the same as the general effect size. Whether Russian truly has an effect on ToM tasks
should be studied further. The lack of interaction could be due to the type of questions used in
ToMBench [CWZ+24]. Since ToMBench is originally a Chinese benchmark, some stories might
make sense in Chinese but are awkward in English.
Furthermore, the ability-only results did not have significant cultural prompting effects on ToM
performance in LLMs, similar to the general results. The effect sizes are consistent with the general
results.

5.3 Coherent vs. Original accuracy
The results revealed that the performance drop from the original accuracy to the coherent accuracy
varied per language, depending on the task. French and German suffered the most from performance
drop, while Russian and especially Thai suffered substantially less. This indicates that the results
for French and German contained incorrect answers spread throughout the stories in the task.
Meanwhile, in the Thai and Russian results, the incorrect answers were located in more particular
stories. This shows that in French and German, LLMs take many educated guesses throughout the
stories and do not have a complete understanding of the stories in a task. Meanwhile, in Thai and
Russian, LLMs have less educated guesses throughout the stories and show more understanding of
the stories in a task. This difference could be due to language. French and German are resource-rich
languages in LLMs, while Russian and Thai are languages in which LLMs do not have many
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resources [KLK+24, TC23]. LLMs suffered fewer performance drops in ToM tasks when the LLM
had fewer resources in the language. This could mean that LLMs show a better understanding of
ToM tasks with less-resourceful languages.
As noted in Section 4.2, the task performance in all languages follows the same distribution as the
original results in ToMBench [CWZ+24]. However, it was also observed that the coherent results
behaved differently. The performance drop for multiple tasks was not as steep as in ToMBench
[CWZ+24]. This could be for the same reason as above. English is the most resourceful language in
LLMs, and then it would suffer more from a performance drop compared to other languages.
As stated in 4.2, the ‘Hinting Task’ did not suffer from a performance drop. It could be that the
questions that share the same story are translated differently, resulting in only unique stories.
Otherwise, the incorrectly answered questions are all under the same stories for all languages and
prompting types, meaning that LLMs have a complete understanding of particular stories in the
‘Hinting Task’ test.
Some tasks suffered more from a performance drop compared to others. A possible reason could
be the size of the task. The ‘False Belief’ task and the ‘Faux Pas Recognition’ test contain at
least 600 questions with many true-false questions, divided by multiple stories. This could lead to
more incorrectly answered questions in multiple stories, leading to a low coherent score. Another
reason could be that LLMs simply perform better in most stories in particular tasks. For a better
understanding of this finding, further research is required.

6 Limitations and future work
As mentioned in Section 5, a possible reason for finding no significant effect for cultural prompting
in ToM tasks in LLMs could be due to the methodology. In this section, we discuss possible future
work on the effect of cultural prompting.

Benchmark use: In this study, the performance effects in ToM tasks in LLMs were only studied
with one benchmark. It could be that this study was underpowered or that the used benchmark
was not adequate for finding a cultural prompting effect in ToM tasks. To fully research the
influence of cultural prompting, multiple benchmarks should be tested in future work.

Variance: In this study we only ran the benchmark once, since each task or ability contains
multiple questions [CWZ+24]. Meanwhile, the authors ran the benchmark 5 times and
averaged the LLM response by choosing the most common answer [CWZ+24]. By only
running the benchmark once, there could be higher variance in our results, affecting the
significance of the cultural prompting effect. To combat this, future research should run the
benchmark multiple times.

Chosen cultures: This study used four cultures for cultural prompting. For better understanding
of the effect of cultural prompting, more cultures should be studied with cultural prompting.
In this study, we aimed to test the effects on diverse cultures; however future work could
pick more diverse cultures, as in this research we chose two Western cultures out of the four
chosen cultures.

Describing cultures: The cultures are described using Hofstede’s cultural scale, but in future
work the cultures could be described with more nuance or with more details. This could
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enhance the effect of cultural prompting. Moreover, it could be that the descriptions in this
research were inadequate to find any cultural prompting effects.

Chain of Thought Reasoning: This study was done without the use of Chain of Thought
reasoning (CoT). The use of CoT could have an effect on cultural prompting, even if there
was no significant difference with the use of CoT without cultural prompting in ToMBench
[CWZ+24].

Language use: In this study, we prompted all LLMs in English to reduce variance in their
responses, and we used translated benchmarks to ensure that the values in the prompts are
used by the LLMs. Using English in the prompts could have affected the impact of cultural
prompting on the translated benchmark. If the prompts and the benchmark were both
translated, it could enhance the effect of cultural prompting. Contrarily, cultural prompting in
English on an English benchmark could have a larger effect on the ToM performance compared
to the translated benchmark. To investigate the effect of language on ToM performance,
future work should consider using the same language for prompting and the benchmark.
Furthermore, the usage of different languages could have overshadowed the effect of cultural
prompting since language has a large effect on ToM performance. To mitigate this problem,
future work should use English for prompting and benchmarks for all cultures.

Cultural context: In this research, we used cultural prompting in a general ToM benchmark. In
future research, the combination of cultural prompting and cultural context in the benchmark
could be studied. The cultural context in the tasks may enhance the effect of cultural
prompting.

Translating agent: The English version of ToMBench [CWZ+24] is translated by a self-created
translating agent, see Section 3. Possible issues with this agent may be that its translations
are too literal or that it fails to convey the context of a story correctly.

Coherent test: While the coherent test did not reveal any significant difference between cultural
prompting and normal prompting, it revealed an interesting aspect regarding the differences
between languages. Future research should study further why certain languages suffer less
from a performance drop in ToM tasks with the coherent test.

7 Conclusion
This study researched whether the use of cultural prompting has an effect on ToM performance
in LLMs. Based on our findings, we conclude that cultural prompting did not have a significant
effect on ToM performance in LLMs. The languages had either a small or negligible effect size. This
research confirms that LLMs perform differently for ToM tasks in different languages, as shown in
previous work. Additionally, we found that language matters for the coherent accuracy in ToM
tasks.
Future research could expand on this work using multiple benchmarks or more cultures to better
study the effect of cultural prompting. Moreover, future research could use cultural context in the
ToM tasks to investigate if there is truly no cultural prompting effect in ToM performance in LLMs.
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alignment of large language models. PNAS Nexus, 3(9), September 2024.

[TVFH+17] Tuong-Van, Catrin Finkenauer, Mariette Huizinga, Sheida Novin, and Lydia Krabben-
dam. Do individualism and collectivism on three levels (country, individual, and
situation) influence theory-of-mind efficiency? a cross-country study. PLoS One, 12(8),
e0183011, 2017.

[TYJ+24] Fiona Anting Tan, Gerard Christopher Yeo, Kokil Jaidka, Fanyou Wu, Weijie Xu,
Vinija Jain, Aman Chadha, Yang Liu, and See-Kiong Ng. Phantom: Persona-based
prompting has an effect on theory-of-mind reasoning in large language models, 2024.

[vDvDK+23] Max J. van Duijn, Bram M. A. van Dijk, Tom Kouwenhoven, Werner de Valk,
Marco R. Spruit, and Peter van der Putten. Theory of mind in large language
models: Examining performance of 11 state-of-the-art models vs. children aged 7-10
on advanced tests, 2023.

[WFP11] Henry M. Wellman, Fuxi Fang, and Candida C. Peterson. Sequential progressions in
a theory-of-mind scale: Longitudinal perspectives. Child Development, 82(3):780–792,
Mar 2011.

[WJH+24] Wenxuan Wang, Wenxiang Jiao, Jingyuan Huang, Ruyi Dai, Jen tse Huang, Zhaopeng
Tu, and Michael R. Lyu. Not all countries celebrate thanksgiving: On the cultural
dominance in large language models, 2024.

20



Figure 6: The used translating agent for this study. The agent contains three agent components:
the first translates, the second reviews and the third refines the initial translation. Every agent is
made with GPT-3.5-turbo [Ope23]. Note that the first agent component uses GPT-4o [OAA+24]
when GPT-3.5-turbo silently fails.

A Translating Agent
Translating Agent 1 Prompt

System prompt: You are a professional translator translating English to [target
language].

User prompt: You will receive a JSON object. Your task is to translate all English text
values to [target language], keeping all keys and non-English text intact.

- Do NOT change the keys.
- Only translate English values.
- Return a valid JSON exactly matching the input keys.
- Do NOT add any text or explanation outside the JSON.

Here is the JSON to translate: [original text]
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Translating Agent 2 Prompt

System prompt: You are a professional translation reviewer for [target language]. Do
not skip or repeat anything.

User prompt: Review the following [target language] translations of English texts. Pro-
vide feedback in this format: - Accuracy: X/5 - Fluency: X/5 - Tone: X/5 - Comments:
[your feedback]. Do NOT include the original or translated text in the output. Separate
each review with ’###’. Pairs: [original text], [translation]

Translating Agent 3 Prompt

System prompt: You are a professional translator. You are given an original sentence in
English, an initial translation into [target language], and feedback on that transla-
tion. Your task is to provide an improved version of the translation that follows the
feedback. IMPORTANT: Only return the revised translation. Do not include expla-
nations, comments, or the original text. You MUST revise the translation unless the
feedback says it is perfect or needs no change.

User prompt: Original: [original text], Initial Translation: [initial translation],
Feedback: [feedback]. If the feedback contains the phrase ’Review missing’ or gives a
perfect score (e.g. ’5/5’), return the initial translation. Otherwise, apply the feedback
and return the improved translation in [target language]. Again, ONLY return the
refined translation. No extra text.

B Cultural prompts
Vanilla Prompt

Below is a multiple-choice question with a story and several answer options. Based on the
content of the story and the given question, please infer the most likely answer and output
the answer index.
Note: (1) Please only output the most likely answer index in the format: [[Answer Index]],
for example, if the most likely answer option is ’A. Handbag’, then output ’[[A]]’;
(2) You must choose one of the given answer options ’A, B, C, D’ as the most likely answer,
regardless of whether the story provides enough information. If you think there is not enough
information in the story to choose an answer, please randomly output one of "[[A]]",
"[[B]]", "[[C]]", or "[[D]]";
(3) Please only output the most likely answer index based on the given information, and do
not output any other content.

Note, the above prompt is provided by ToMBench [CWZ+24] and is added to each cultural prompt.
With normal prompting, only the above prompt is used.
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Cultural Prompt for French Evaluation

You are French, born and raised in France and still living in Paris. You are a very individualistic
person. You value individualism and freedom above all else. You feel independent. You are
also moderately long-time orientated. You prepare for the future, and you are less inclined to
use the past as a moral compass. You accept that there is a hierarchy in your culture. There is
a power distance between you and your boss and the people above you, and you mostly expect
and accept this unequal distribution of power. You do not expect men to be tough. You do
not openly endorse competing, and you have sympathy for the underdog. You are not openly
gendered, and men and women in your culture are somewhat emotionally close. You are very
anxious and distrustful of the unknown. You are very intolerant of uncertainty and ambiguity.
You prefer fixed habits, rituals, and knowing the truth most of the time. You are ambivalent
about indulgence. Sometimes, you believe in duty and that life is hard. Other times, you
believe life is meaningful, friends are important, and it’s good to follow your impulses.
Since you are French, all questions will be presented in your language. Please answer from
this cultural perspective.
----
[Vanilla Prompt added.]

Cultural Prompt for German Evaluation

You are German, born and raised in Germany and still living in Berlin. You are a very indi-
vidualistic person. You value individualism and freedom above all else. You feel independent.
You are also very long-time orientated. You are always preparing for the future. You believe
that the world is always changing. You expect no hierarchy in your culture. There is a low
power distance between you and your boss and people above you, and you do not accept
and do not expect that power is distributed unequally. You expect and endorse men to be
tough. Men and women in your culture find winning very important. You are more openly
gendered. You are somewhat anxious and distrustful of the unknown. You are intolerant for
uncertainty and ambiguity. You sometimes prefer fixed habits, rituals, and knowing the truth.
You believe that is not good to give in to your impulses. You mostly believe that life is hard,
and that duty is the normal state of being.
Since you are German, all questions will be presented in your language. Please answer from
this cultural perspective.
----
[Vanilla Prompt added.]

23



Cultural Prompt for Russian Evaluation

You are Russian, born and raised in Russia and still living in Moscow. You are a collectivistic
person. You value community above all else. You feel interdependent as members of larger
communities, such as town members or as citizens. You are also very long-time orientated. You
are always preparing for the future. You believe that the world is always changing. You accept
that there is a big hierarchy in your culture. There is an enormous power distance between
you and your boss and people above you, and you expect and accept this unequal distribution
of power. You do not expect men to be tough. You do not openly endorse competing, and
you have sympathy for the underdog. You are not openly gendered, and men and women in
your culture are somewhat emotionally close. You are extremely anxious and distrustful of
the unknown. You are extremely intolerant for uncertainty and ambiguity. You always prefer
fixed habits, rituals, and knowing the truth. You believe that is absolutely not good to give in
to your impulses. You absolutely believe that life is hard, and that duty is the normal state
of being.
Since you are Russian, all questions will be presented in your language. Please answer from
this cultural perspective.
----
[Vanilla Prompt added.]

Cultural Prompt for Thai Evaluation

You are Thai, born and raised in Thailand and still living in Bangkok. You are a very
collectivistic person. You value community above all else. You feel very interdependent as
members of larger communities, such as town members or as citizens. You are also very
short-time orientated. You believe that the past provides a moral compass and that adhering
to it is good. You believe that the world is as it was created. You somewhat accept that there
is a hierarchy in your culture. There is a moderate power distance between you and your boss
and the people above you in the hierarchy, and you somewhat expect and accept this unequal
distribution of power. You do not expect men to be tough at all. You do not openly endorse
competing at all, and you have sympathy for the underdog. You are not openly gendered
at all, and men and the women in your culture are emotionally close. You are somewhat
anxious and distrustful of the unknown. You are intolerant for uncertainty and ambiguity.
You sometimes prefer fixed habits and rituals, and knowing the truth. You are somewhat
ambivalent about indulgence. You believe more in duty and that life is hard. Sometimes, you
believe life is meaningful, friends are important, and it’s good to follow your impulses.
Since you are Thai, all questions will be presented in your language. Please answer from this
cultural perspective.
----
[Vanilla Prompt added.]

Note that these cultures are described using Hofstede’s cultural dimensions and their scores on
these dimensions [Hof01, HHM10]. These prompts are only descriptions that approximate cultures.
Cultures are more diverse and nuanced than what is provided in the prompts.
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C Full results

Table 2: Full results of the accuracy percentage of the
ToM tasks, with ’*’ as the coherent results of the LLM
and the respective performance drop between the original
and the coherent results.

Model Language Prompting UOT AST FBT FPRT PST SIT HT SST
(UOT) Unexpected Outcome Test (AST) Ambiguous Story Task (FBT) False Belief Task
(FPRT) Faux Pas Recognition Test (PST) Persuasion Story Task (SIT) Scalar Implicature Test
(HT) Hinting Task (SST) Strange Story Task
Llama2 French Normal 43.0 45.0 35.5 43.9 26.0 23.5 26.2 46.7
Llama2 French Cultural 44.7 37.0 40.3 42.3 37.0 25.0 31.1 39.3
Llama2 German Normal 44.0 39.0 40.0 46.2 30.0 27.0 40.8 42.0
Llama2 German Cultural 44.7 37.0 39.3 45.5 37.0 27.5 34.0 43.7
Llama2 Russian Normal 38.0 35.5 35.7 46.1 37.0 25.0 35.0 42.3
Llama2 Russian Cultural 38.3 34.0 34.5 44.8 35.0 27.0 34.0 41.8
Llama2 Thai Normal 26.0 25.5 36.3 37.3 22.0 18.5 23.3 27.0
Llama2 Thai Cultural 25.0 27.0 35.8 35.5 24.0 23.5 27.2 26.5

Llama2* French Normal 36.6 28.8 4.8 16.7 26.0 21.5 26.2 36.8
Llama2* French Cultural 39.5 22.9 5.6 14.8 37.0 22.7 31.1 29.1
Llama2* German Normal 37.4 25.0 7.4 21.7 30.0 23.7 40.8 36.6
Llama2* German Cultural 39.5 26.5 8.6 18.1 37.0 24.3 34.0 36.3
Llama2* Russian Normal 32.2 30.0 24.2 34.8 37.0 22.2 35.0 37.4
Llama2* Russian Cultural 30.5 27.3 21.9 33.7 35.0 23.8 34.0 35.6
Llama2* Thai Normal 21.0 24.4 20.7 30.2 22.0 15.2 23.3 25.4
Llama2* Thai Cultural 20.6 25.4 20.3 30.4 24.0 21.7 27.2 22.6

Llama2 Drop French Normal 6.4 16.2 30.7 27.2 0.0 2.0 0.0 9.9
Llama2 Drop French Cultural 5.2 14.1 34.7 27.5 0.0 2.3 0.0 10.2
Llama2 Drop German Normal 6.6 14.0 32.6 24.5 0.0 3.3 0.0 5.4
Llama2 Drop German Cultural 5.2 10.5 30.7 27.4 0.0 3.2 0.0 7.4
Llama2 Drop Russian Normal 5.8 5.5 11.5 11.3 0.0 2.8 0.0 4.9
Llama2 Drop Russian Cultural 7.8 6.7 12.6 11.1 0.0 3.2 0.0 6.2
Llama2 Drop Thai Normal 5.0 1.1 15.6 7.1 0.0 3.3 0.0 1.6
Llama2 Drop Thai Cultural 4.4 1.6 15.5 5.1 0.0 1.8 0.0 3.9
Mistral French Normal 56.0 45.0 48.0 57.0 35.0 22.5 33.0 50.1

Continued on next page
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Model Language Prompting UOT AST FBT FPRT PST SIT HT SST
Mistral French Cultural 52.3 51.5 49.2 55.7 41.0 19.5 32.0 52.1
Mistral German Normal 49.7 45.5 43.7 55.5 33.0 20.5 35.0 49.4
Mistral German Cultural 55.7 47.0 44.7 57.7 32.0 22.5 30.1 49.6
Mistral Russian Normal 49.7 45.0 49.2 55.9 40.0 20.5 36.9 47.2
Mistral Russian Cultural 45.3 38.0 47.7 56.6 28.0 25.0 34.0 50.6
Mistral Thai Normal 31.7 32.5 39.0 45.9 26.0 25.5 27.2 34.4
Mistral Thai Cultural 34.3 35.5 37.8 45.5 25.0 24.0 22.3 36.4

Mistral* French Normal 51.7 28.0 7.3 26.1 35.0 22.1 33.0 40.5
Mistral* French Cultural 44.5 35.6 7.3 22.7 41.0 17.4 32.0 42.2
Mistral* German Normal 42.8 31.8 13.0 30.1 33.0 17.2 35.0 44.6
Mistral* German Cultural 50.2 35.6 12.3 33.2 32.0 20.7 30.1 43.9
Mistral* Russian Normal 41.1 37.3 31.2 44.8 40.0 19.5 36.9 42.1
Mistral* Russian Cultural 39.0 30.0 30.1 46.8 28.0 22.7 34.0 47.2
Mistral* Thai Normal 28.2 31.1 25.4 42.3 26.0 23.9 27.2 32.3
Mistral* Thai Cultural 30.2 33.2 22.5 39.4 25.0 22.8 22.3 32.6

Mistral Drop French Normal 4.3 17.0 40.7 30.9 0.0 0.4 0.0 9.6
Mistral Drop French Cultural 7.8 15.9 41.9 33.0 0.0 2.1 0.0 9.9
Mistral Drop German Normal 6.9 13.7 30.7 25.4 0.0 3.3 0.0 4.8
Mistral Drop German Cultural 5.5 11.4 32.4 24.5 0.0 1.8 0.0 5.7
Mistral Drop Russian Normal 8.6 7.7 18.0 11.1 0.0 1.0 0.0 5.1
Mistral Drop Russian Cultural 6.3 8.0 17.6 9.8 0.0 2.3 0.0 3.4
Mistral Drop Thai Normal 3.5 1.4 13.6 3.6 0.0 1.6 0.0 2.1
Mistral Drop Thai Cultural 4.1 2.3 15.3 6.1 0.0 1.2 0.0 3.8
Qwen French Normal 53.0 50.0 53.7 59.3 42.0 31.5 32.0 56.8
Qwen French Cultural 55.3 46.5 52.7 58.6 46.0 25.5 37.9 56.5
Qwen German Normal 52.3 46.5 45.2 60.0 45.0 30.5 30.1 51.8
Qwen German Cultural 53.3 48.5 48.2 60.4 35.0 28.5 32.0 55.0
Qwen Russian Normal 48.3 44.0 47.8 61.4 39.0 27.0 38.8 52.6
Qwen Russian Cultural 52.0 44.0 49.0 58.2 44.0 21.5 36.9 49.4
Qwen Thai Normal 34.7 37.0 48.2 51.1 36.0 26.5 25.2 35.6
Qwen Thai Cultural 36.3 33.5 47.2 56.2 26.0 19.0 17.5 32.4

Qwen* French Normal 45.8 34.7 11.3 26.6 42.0 29.1 32.0 48.3
Qwen* French Cultural 47.9 25.4 9.7 27.6 46.0 23.3 37.9 47.0
Qwen* German Normal 44.4 34.8 9.3 29.6 45.0 25.4 30.1 46.8
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Model Language Prompting UOT AST FBT FPRT PST SIT HT SST
Qwen* German Cultural 47.7 36.4 14.2 34.1 35.0 25.4 32.0 51.0
Qwen* Russian Normal 39.8 36.7 28.3 48.5 39.0 24.3 38.8 46.9
Qwen* Russian Cultural 47.0 36.7 27.5 46.0 44.0 20.0 36.9 44.5
Qwen* Thai Normal 29.4 36.3 30.1 44.1 36.0 25.0 25.2 32.6
Qwen* Thai Cultural 29.8 32.1 27.5 50.0 26.0 16.3 17.5 27.4

Qwen Drop French Normal 7.2 15.3 42.4 32.7 0.0 2.4 0.0 8.5
Qwen Drop French Cultural 7.4 21.1 43.0 31.0 0.0 2.2 0.0 9.5
Qwen Drop German Normal 7.9 11.7 35.9 30.4 0.0 5.1 0.0 5.0
Qwen Drop German Cultural 5.6 12.1 34.0 26.3 0.0 3.1 0.0 4.0
Qwen Drop Russian Normal 8.5 7.3 19.5 12.9 0.0 2.7 0.0 5.7
Qwen Drop Russian Cultural 5.0 7.3 21.5 12.2 0.0 1.5 0.0 4.9
Qwen Drop Thai Normal 5.3 0.7 18.1 7.0 0.0 1.5 0.0 3.0
Qwen Drop Thai Cultural 6.5 1.4 19.7 6.2 0.0 2.7 0.0 5.0
GPT-4 French Normal 67.3 78.5 80.7 72.3 57.0 55.0 75.7 81.3
GPT-4 French Cultural 68.7 80.5 80.0 71.8 52.0 56.5 79.6 81.3
GPT-4* French Normal 60.9 67.8 38.7 39.9 57.0 53.5 75.7 76.0
GPT-4* French Cultural 61.8 71.2 29.0 41.4 52.0 52.3 79.6 75.3
GPT-4 Drop French Normal 6.4 10.7 42.0 32.4 0.0 1.5 0.0 5.3
GPT-4 Drop French Cultural 6.9 9.3 51.0 30.4 0.0 4.2 0.0 6.0

Table 3: Full results of the accuracy percentage of the
ToM abilities per language, prompting type and LLM.

Ability Language Prompting type Llama2 Mistral Qwen GPT-4

Belief : (I) Content false beliefs (II) Location false beliefs (III) Identity false beliefs, (IVa) Second-
order belief: Content false beliefs (IVb) Second-order beliefs: Location false beliefs (V) Beliefs based
action/emotions (VI) Sequence false belief
I French Cultural 46.5 48.5 51.0 76.0
I French Normal 39.0 46.0 53.0 76.0
I German Cultural 46.0 48.5 47.5
I German Normal 47.5 41.0 49.0
I Russian Cultural 42.0 46.5 50.0
I Russian Normal 43.5 45.0 43.0
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4

I Thai Cultural 32.5 43.5 53.5
I Thai Normal 37.0 44.5 48.5

II French Cultural 49.5 65.5 71.5 90.0
II French Normal 45.5 63.0 73.5 90.5
II German Cultural 49.5 58.5 74.0
II German Normal 47.5 61.5 66.5
II Russian Cultural 39.5 58.0 63.5
II Russian Normal 43.0 57.5 64.5
II Thai Cultural 37.0 43.0 50.0
II Thai Normal 36.5 43.5 53.5

III French Cultural 45.0 50.0 57.5 90.0
III French Normal 50.0 45.0 62.5 82.5
III German Cultural 47.5 62.5 60.0
III German Normal 32.5 60.0 65.0
III Russian Cultural 42.5 60.0 42.5
III Russian Normal 47.5 40.0 55.0
III Thai Cultural 17.5 32.5 17.5
III Thai Normal 17.5 32.5 30.0

IVa French Cultural 23.0 32.0 39.0 92.0
IVa French Normal 22.0 31.0 43.0 92.0
IVa German Cultural 25.0 29.0 17.0
IVa German Normal 27.0 27.0 13.0
IVa Russian Cultural 26.0 42.0 52.0
IVa Russian Normal 24.0 48.0 52.0
IVa Thai Cultural 39.0 21.0 25.0
IVa Thai Normal 34.0 28.0 32.0
IVb French Cultural 27.0 35.0 32.0 56.0
IVb French Normal 22.0 39.0 26.0 59.0
IVb German Cultural 20.0 25.0 29.0
IVb German Normal 23.0 30.0 27.0
IVb Russian Cultural 18.0 35.0 15.0
IVb Russian Normal 17.0 42.0 20.0
IVb Thai Cultural 37.0 33.0 51.0
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4
IVb Thai Normal 37.0 30.0 53.0

V French Cultural 34.5 55.6 48.6 78.2
V French Normal 44.4 40.8 50.7 75.4
V German Cultural 41.5 44.4 50.7
V German Normal 41.5 46.5 45.1
V Russian Cultural 35.9 45.8 45.8
V Russian Normal 33.1 45.8 44.4
V Thai Cultural 25.4 32.4 35.9
V Thai Normal 18.3 27.5 36.6

VI French Cultural 35.0 37.0 43.0 56.0
VI French Normal 35.0 46.0 41.0 59.0
VI German Cultural 36.0 44.0 42.0
VI German Normal 33.0 33.0 40.0
VI Russian Cultural 28.0 30.0 45.0
VI Russian Normal 27.0 35.0 37.0
VI Thai Cultural 28.0 30.0 23.0
VI Thai Normal 17.0 22.0 22.0

Desire: : (I) Multiple desires (IIa) Desires influence on actions (IIb) Desires influence on emo-
tions(III) Desire-action contradiction (IV) Discrepant desires
I French Cultural 30.0 45.0 45.0 95.0
I French Normal 35.0 40.0 45.0 100.0
I German Cultural 70.0 35.0 35.0
I German Normal 55.0 60.0 40.0
I Russian Cultural 30.0 30.0 55.0
I Russian Normal 50.0 40.0 45.0
I Thai Cultural 25.0 25.0 50.0
I Thai Normal 35.0 20.0 30.0

IIa French Cultural 34.2 32.9 47.4 51.3
IIa French Normal 31.6 38.2 39.5 59.2
IIa German Cultural 39.5 27.6 34.2
IIa German Normal 28.9 32.9 48.7
IIa Russian Cultural 31.6 26.3 46.1
IIa Russian Normal 36.8 38.2 40.8
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4

IIa Thai Cultural 27.6 25.0 25.0
IIa Thai Normal 22.4 27.6 38.2
IIb French Cultural 45.8 66.7 41.7 54.2
IIb French Normal 8.3 25.0 50.0 50.0
IIb German Cultural 29.2 45.8 37.5
IIb German Normal 33.3 33.3 33.3
IIb Russian Cultural 45.8 33.3 37.5
IIb Russian Normal 37.5 45.8 33.3
IIb Thai Cultural 12.5 25.0 29.2
IIb Thai Normal 20.8 20.8 29.2

III French Cultural 37.5 40.0 42.5 72.5
III French Normal 32.5 55.0 52.5 70.0
III German Cultural 60.0 50.0 50.0
III German Normal 50.0 42.5 45.0
III Russian Cultural 40.0 60.0 47.5
III Russian Normal 45.0 45.0 55.0
III Thai Cultural 47.5 45.0 47.5
III Thai Normal 45.0 42.5 45.0

IV French Cultural 15.0 20.0 25.0 60.0
IV French Normal 25.0 40.0 30.0 40.0
IV German Cultural 40.0 30.0 40.0
IV German Normal 30.0 35.0 50.0
IV Russian Cultural 25.0 25.0 40.0
IV Russian Normal 30.0 5.0 25.0
IV Thai Cultural 20.0 25.0 20.0
IV Thai Normal 35.0 30.0 20.0

Emotion: (I) Typical emotional reactions (II) Atypical emotional reactions (III) Discrepant
emotions (IV) Mixed emotions (V) Hidden emotions (VI) Moral emotions (VII) Emotion regulation
I French Cultural 62.0 71.0 77.0 90.0
I French Normal 58.0 75.0 75.0 88.0
I German Cultural 66.0 78.0 78.0
I German Normal 69.0 77.0 76.0
I Russian Cultural 48.0 64.0 75.0
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4
I Russian Normal 52.0 69.0 75.0
I Thai Cultural 29.0 44.0 65.0
I Thai Normal 30.0 47.0 62.0

II French Cultural 37.0 49.0 46.0 60.0
II French Normal 36.0 47.0 43.0 55.0
II German Cultural 32.0 45.0 40.0
II German Normal 30.0 39.0 41.0
II Russian Cultural 39.0 42.0 36.0
II Russian Normal 35.0 45.0 33.0
II Thai Cultural 18.0 29.0 21.0
II Thai Normal 31.0 26.0 20.0

III French Cultural 47.5 42.5 60.0 82.5
III French Normal 40.0 42.5 45.0 82.5
III German Cultural 30.0 47.5 57.5
III German Normal 37.5 52.5 57.5
III Russian Cultural 45.0 42.5 47.5
III Russian Normal 40.0 50.0 50.0
III Thai Cultural 22.5 37.5 27.5
III Thai Normal 22.5 32.5 22.5

IV French Cultural 40.0 40.0 35.0 72.5
IV French Normal 35.0 42.5 35.0 75.0
IV German Cultural 55.0 47.5 37.5
IV German Normal 42.5 37.5 50.0
IV Russian Cultural 45.0 45.0 62.5
IV Russian Normal 67.5 47.5 75.0
IV Thai Cultural 62.5 50.0 40.0
IV Thai Normal 55.0 42.5 55.0

V French Cultural 38.8 47.5 42.5 72.5
V French Normal 35.0 47.5 53.8 75.0
V German Cultural 41.2 35.0 56.2
V German Normal 38.8 52.5 46.2
V Russian Cultural 50.0 45.0 51.2
V Russian Normal 43.8 56.2 46.2
V Thai Cultural 37.5 46.2 33.8
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4
V Thai Normal 26.2 30.0 42.5

VI French Cultural 52.5 55.0 62.5 82.5
VI French Normal 50.0 57.5 55.0 82.5
VI German Cultural 40.0 57.5 55.0
VI German Normal 35.0 57.5 52.5
VI Russian Cultural 45.0 57.5 52.5
VI Russian Normal 42.5 45.0 62.5
VI Thai Cultural 22.5 32.5 42.5
VI Thai Normal 15.0 45.0 45.0

VII French Cultural 45.0 30.0 35.0 30.0
VII French Normal 25.0 40.0 45.0 35.0
VII German Cultural 25.0 55.0 50.0
VII German Normal 20.0 35.0 50.0
VII Russian Cultural 30.0 30.0 30.0
VII Russian Normal 25.0 40.0 40.0
VII Thai Cultural 15.0 15.0 25.0
VII Thai Normal 25.0 20.0 20.0

Intention: (I) Discrepant intentions (II) Prediction of actions (III) Intentions explanations (IV)
Completion of failed actions
I French Cultural 25.0 55.0 27.5 87.5
I French Normal 42.5 57.5 42.5 90.0
I German Cultural 40.0 45.0 47.5
I German Normal 35.0 55.0 40.0
I Russian Cultural 42.5 50.0 52.5
I Russian Normal 37.5 40.0 52.5
I Thai Cultural 15.0 37.5 32.5
I Thai Normal 35.0 40.0 37.5

II French Cultural 25.0 50.0 50.0 55.0
II French Normal 50.0 30.0 30.0 55.0
II German Cultural 45.0 30.0 50.0
II German Normal 30.0 25.0 20.0
II Russian Cultural 30.0 55.0 30.0
II Russian Normal 35.0 45.0 40.0
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4

II Thai Cultural 25.0 20.0 30.0
II Thai Normal 50.0 40.0 35.0

III French Cultural 37.7 44.6 47.3 83.1
III French Normal 38.5 46.2 46.5 80.0
III German Cultural 33.1 42.3 48.5
III German Normal 37.7 43.8 42.3
III Russian Cultural 38.5 38.1 43.8
III Russian Normal 36.9 43.1 44.6
III Thai Cultural 26.2 30.8 29.2
III Thai Normal 28.8 33.8 35.8

IV French Cultural 35.0 35.0 35.0 50.0
IV French Normal 50.0 50.0 50.0 65.0
IV German Cultural 20.0 55.0 30.0
IV German Normal 45.0 30.0 35.0
IV Russian Cultural 45.0 35.0 30.0
IV Russian Normal 45.0 40.0 25.0
IV Thai Cultural 25.0 40.0 35.0
IV Thai Normal 20.0 60.0 35.0

Knowledge: (I) Knowledge-pretend play links (II) Percepts-knowledge links (III) Information-
knowledge links (IV) Knowledge-attention links
I French Cultural 30.0 16.7 10.0 33.3
I French Normal 30.0 23.3 16.7 33.3
I German Cultural 16.7 20.0 16.7
I German Normal 20.0 10.0 10.0
I Russian Cultural 26.7 13.3 16.7
I Russian Normal 30.0 6.7 6.7
I Thai Cultural 23.3 13.3 30.0
I Thai Normal 30.0 23.3 26.7

II French Cultural 32.5 65.0 87.5 92.5
II French Normal 25.0 62.5 87.5 92.5
II German Cultural 35.0 55.0 72.5
II German Normal 37.5 60.0 70.0
II Russian Cultural 27.5 47.5 82.5
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4
II Russian Normal 20.0 55.0 72.5
II Thai Cultural 12.5 15.0 37.5
II Thai Normal 7.5 32.5 30.0

III French Cultural 25.1 19.6 25.6 56.8
III French Normal 23.6 22.6 31.7 55.3
III German Cultural 27.1 22.6 28.6
III German Normal 27.1 20.6 30.7
III Russian Cultural 26.6 24.6 21.1
III Russian Normal 25.1 20.6 27.1
III Thai Cultural 23.6 24.1 19.1
III Thai Normal 18.1 25.6 26.6

IV French Cultural 30.0 25.0 30.0 40.0
IV French Normal 20.0 25.0 35.0 35.0
IV German Cultural 25.0 35.0 25.0
IV German Normal 45.0 30.0 25.0
IV Russian Cultural 20.0 55.0 15.0
IV Russian Normal 15.0 25.0 15.0
IV Thai Cultural 20.0 40.0 30.0
IV Thai Normal 25.0 25.0 25.0

Non-Literal Communication: (I) Irony/Sarcasm (II) Egocentric lies (III) White lies (IV)
Involuntary lies (V) Humor (VI) Faux Pas
I French Cultural 30.8 26.9 50.0 88.5
I French Normal 34.6 23.1 34.6 80.8
I German Cultural 38.5 38.5 42.3
I German Normal 42.3 34.6 30.8
I Russian Cultural 23.1 38.5 42.3
I Russian Normal 23.1 38.5 38.5
I Thai Cultural 23.1 30.8 23.1
I Thai Normal 7.7 15.4 30.8

II French Cultural 37.5 60.0 60.0 80.0
II French Normal 57.5 65.0 75.0 85.0
II German Cultural 42.5 50.0 65.0
II German Normal 55.0 62.5 55.0
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4

II Russian Cultural 55.0 57.5 50.0
II Russian Normal 32.5 45.0 52.5
II Thai Cultural 25.0 30.0 30.0
II Thai Normal 27.5 35.0 30.0

III French Cultural 50.0 57.5 60.0 77.5
III French Normal 45.0 45.0 50.0 80.0
III German Cultural 27.5 35.0 52.5
III German Normal 42.5 45.0 42.5
III Russian Cultural 30.0 37.5 42.5
III Russian Normal 37.5 42.5 50.0
III Thai Cultural 22.5 35.0 15.0
III Thai Normal 20.0 22.5 15.0

IV French Cultural 33.3 52.4 59.5 76.2
IV French Normal 45.2 50.0 47.6 81.0
IV German Cultural 40.5 50.0 38.1
IV German Normal 28.6 42.9 47.6
IV Russian Cultural 26.2 40.5 42.9
IV Russian Normal 40.5 57.1 40.5
IV Thai Cultural 9.5 40.5 26.2
IV Thai Normal 19.0 35.7 21.4

V French Cultural 32.5 62.5 75.0 87.5
V French Normal 70.0 55.0 80.0 97.5
V German Cultural 55.0 62.5 57.5
V German Normal 55.0 55.0 75.0
V Russian Cultural 50.0 55.0 52.5
V Russian Normal 52.5 52.5 52.5
V Thai Cultural 15.0 35.0 32.5
V Thai Normal 20.0 42.5 32.5

VI French Cultural 42.3 55.7 58.6 71.8
VI French Normal 43.9 57.0 59.3 72.3
VI German Cultural 45.5 57.7 60.4
VI German Normal 46.2 55.5 60.0
VI Russian Cultural 44.8 56.6 58.2
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Ability Language Prompting type Llama2 Mistral Qwen GPT-4
VI Russian Normal 46.1 55.9 61.4
VI Thai Cultural 35.5 45.5 56.2
VI Thai Normal 37.3 45.9 51.1

D Model justification
The Figures 7, 8 and 9 show whether the use of the mixed-effects model is justified. Based on these
figures, all assumptions are met.

D.1 Model plots

Figure 7: Histogram of residuals from the linear mixed-effects model predicting accuracy based
on prompting type, language, and their interaction. The residuals follow a normal distribution,
meaning that the assumption of normality is met. The accuracy is shown as a proportion on a 0–1
scale.
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Figure 8: Q–Q plot of residuals from the mixed-effects model. The points follow a linear line,
indicating that the residuals follow a normal distribution, meaning that the assumption of normality
is met. The residuals are on a proportion scale (0–1).

Figure 9: Plot of residuals vs. fitted values from the mixed-effects model. The plot shows no clear
pattern, meaning that the assumption of no constant residual variance is met. The fitted values
and the residuals are plotted as proportions (0–1).
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D.2 Outlier identification

Table 4: Potential outliers were identified in the dataset. These are specific combinations of language,
prompting type, and task/ability category with notably high accuracy scores. The accuracy is
scaled between 0 and 1.

LLM Language Prompting Category Item Accuracy

gpt-4 French Cultural tasks Hinting Task Test 0.796
gpt-4 French Cultural tasks Desire (I) 0.950
gpt-4 French Cultural abilities Belief (IV) 0.920
gpt-4 French Cultural abilities Non-Literal Communication (I) 0.885
gpt-4 French Cultural abilities Desire (I) 0.950
gpt-4 French Normal tasks Intention (I) 0.900
gpt-4 French Normal tasks Desire (I) 1.000
gpt-4 French Normal abilities Intention (I) 0.900
gpt-4 French Normal abilities Belief (IV) 0.920
gpt-4 French Normal abilities Non-Literal Communication (I) 0.808
gpt-4 French Normal abilities Desire (I) 1.000
llama2 French Normal abilities Desire (II) 0.083

The potential outliers are identified by selecting high-accuracy items with a z-score above 3, see
Table 4.

D.3 Model comparison
For justification of the use of the mixed-effects model, the likelihood ratio test was used. The test
compared the model with a simple model to test the influence of the random intercept. Here, the
random intercept was the ToM tasks and abilities. See Table 5 for the model comparison.

Table 5: Comparing models for the likelihood ratio test.
Model Log-Likelihood DF AIC

Simple Linear Model (fixed effects only) 618.544 8 -1221.088
Mixed-Effects Model (with random effects ) 870.948 9 -1721.89
Mixed-Effects Model (language effect only) 870.033 5 -1728.065

The test statistic between the mixed model and the simple model was calculated with:

χ2 = 2 × (LLmixed − LLsimple) = 2 × (870.948 − 618.544) = 252.404
with LL as the Log-Likelihood.
With df = 1, p < 0.001. This means that the usage of the random intercept has a significant effect.
This statistic justifies the use of the mixed-effects model for the statistical analyses of the data.
The test statistic between the prompting and language model and the language-only model was
calculated with:
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χ2 = 2 × (LLmixed all − LLmixed language) = 2 × (870.948 − 870.033) = 0.915

With df = 4, p = 0.767. This means that the prompting type did not matter in the accuracy
prediction, meaning that cultural prompting does not have a significant effect.

E Model output

Table 6: Full results of the linear mixed-effects model predicting accuracy based on prompting type,
language, and their interaction with the ML method. Accuracy is shown as a proportion (0-1). The
model includes a random intercept for ToM tasks and abilities, called ’Item’. Here, the normal
prompting and French are used as a baseline.

Term Estimate Std. Error z-value p-value 95% CI

Intercept 0.505 0.017 28.899 < 0.001 [0.471, 0.540]
Prompting [Cultural] -0.005 0.012 -0.463 0.643 [-0.029, 0.018]
Language [German] -0.081 0.013 -6.362 < 0.001 [-0.106, -0.056]
Language [Russian] -0.091 0.013 -7.171 < 0.001 [-0.116, -0.066]
Language [Thai] -0.181 0.013 -14.217 < 0.001 [-0.206, -0.156]
Prompting × German 0.015 0.018 0.838 0.402 [-0.020, 0.050]
Prompting × Russian 0.009 0.018 0.492 0.623 [-0.026, 0.044]
Prompting × Thai -0.009 0.018 -0.473 0.636 [-0.044, 0.027]
Random Effects
Item (Intercept variance) 0.013 0.023 – – –
Residual (Scale) 0.0147 – – – –
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Table 7: Full results of the refitted linear mixed-effects model after excluding 10 high-accuracy
outliers. The outliers are found with score of z > 3. The model predicts accuracy based on prompting
type, language, and their interaction. Accuracy is shown as a proportion (0-1). The model includes
a random intercept for ToM tasks and abilities, called ’Item’. Here, the normal prompting and
French are used as a baseline. The refitted model is identical regarding the significance compared
to the other model.

Term Estimate Std. Error z-value p-value 95% CI

Intercept 0.495 0.018 28.207 < 0.001 [0.461, 0.529]
Prompting [Cultural] -0.006 0.011 -0.522 0.602 [-0.028, 0.016]
Language [German] -0.070 0.012 -5.783 < 0.001 [-0.094, -0.047]
Language [Russian] -0.081 0.012 -6.627 < 0.001 [-0.105, -0.057]
Language [Thai] -0.170 0.012 -13.992 < 0.001 [-0.194, -0.146]
Prompting × German 0.015 0.017 0.898 0.369 [-0.018, 0.049]
Prompting × Russian 0.009 0.017 0.529 0.597 [-0.025, 0.043]
Prompting × Thai -0.008 0.017 -0.463 0.643 [-0.042, 0.026]
Random Effects
Item (Intercept variance) 0.013 0.024 – – –
Residual (Scale) 0.0133 – – – –
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