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Abstract 

As large language models (LLMs) are increasingly integrated 
into our lives, concerns have been raised about whether they 
are biased towards the values of particular cultures. We show 
that while LLMs were biased toward the values of WEIRD 
populations, some non-Western populations, including East 
Asia and Russia, were also represented relatively well. Notably, 
the Rich dimension was the strongest predictor of LLM’s 
alignment instead of the most discussed Western dimension.  
This suggests the need to attend to less prosperous populations 
instead of focusing only on easily accessible populations. We 
also found that one source of this bias could be unbalanced 
training data as approximated by an Internet Freedom measure, 
and that prompting the model to act as individuals from 
different populations reduced the bias but could not eliminate 
it. These findings raise the importance of training process 
disclosure and the consideration of culture-specific models to 
ensure ethical usage of LLMs. 

Keywords: Large Language Model (LLM), Value Alignment, 
WEIRD Population 

Introduction 

Recently, large language models (LLMs) are increasingly 

integrated into users’ daily life and are being applied to more 

and more diverse tasks, including critical tasks such as 

medical diagnosis (Biesheuvel et al., 2024) and legal 

judgement (Lai et al., 2024). At the same time, there is a 

growing concern about potential risks if the model generates 

harmful output when interacting with its users or makes 

biased decisions in a critical system. In particular, LLMs are 

black boxes whose inner mechanisms are not transparent, 

thus making it difficult to predict when and why they would 

exhibit unacceptable behaviors. To address these issues, 

recent research has started to focus on value alignment, which 

aims to ensure that LLMs consistently adhere to human 

values (Ji et al., 2023). Various techniques can be used to 

align LLMs with human values, from reinforcement learning 

and supervised fine-tuning using human preferences (Ouyang 

et al., 2022) to in-context alignment that directly prompts the 

model to generate value-aligned content (Ganguli et al., 

 
 These authors contributed equally and are co-first authors. 

2023). Benchmarks have also been developed to evaluate 

whether LLMs indeed follow human values, including 

benchmarks for specific issues such as social bias (e.g., 

Kocielnik et al., 2023) and benchmarks that assess LLMs’ 

inherent values more generally (e.g., Duan et al., 2024). 

However, there are substantial cross-cultural differences in 

humans’ values and judgements about the inappropriateness 

of LLMs’ output (Davani et al., 2024). While it is generally 

agreed that LLMs should be aligned with human values, the 

question that remains is, whose values should LLMs adhere 

to? Currently, various studies have found that LLMs are 

biased toward the values of certain groups (e.g. Rozado, 2023; 

Santurkar et al., 2023). Specifically, it has been suggested 

that LLMs may be biased toward the values of Western, 

Educated, Industrialized, Rich, and Democratic (WEIRD) 

populations (Benkler et al., 2023; Atari et al., 2023), similar 

to how psychological theories can be biased by over-reliance 

on WEIRD samples (Henrich et al., 2010). Others have 

argued that rather than being biased toward certain groups, 

LLMs may have their own idiosyncratic response patterns 

that do not align with any groups (Boelaert et al., 2024). 

The current study aimed to systematically investigate 

whether LLMs exhibit a bias toward WEIRD values. We 

used the World Values Survey (WVS) dataset (Haerpfer et 

al., 2022), which contains questions that assess different 

aspects of human values and data from large, nationally 

representative samples of different countries/territories. We 

tested an LLM on a subset of these questions and measured 

the distance between its responses and the responses of 

different human populations for comparison. We separately 

quantified each of the five dimensions of WEIRD-ness rather 

than relying on a binary distinction between WEIRD and 

non-WEIRD, borrowing the approaches from two studies that 

examined sample representativeness of user studies (Linxen 

et al., 2021; Septiandri et al., 2024). who coined the term 

WEIRD, has argued that researchers should not attempt to 

decompose each letter of WEIRD, given that it is a 

backronym created as a conscious-raising rhetorical tool 
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without solid theoretical grounding. Without assuming 

theoretical importance behind each letter, here we tested 

which components of this well-known backronym actively 

contributed to the biases observed. Currently, the term 

WEIRD is often used as a synonym of Western. As a result, 

researchers often treat WEIRD-ness as a binary distinction 

and use the easily accessible East Asian populations as the 

non-WEIRD comparison group, despite many similarities 

between the two populations (Krys et al., 2024). Thus, 

identifying critical components of WEIRD-ness beyond 

Westernness can help researchers better recognize which 

populations are underrepresented. 

In the case that such WEIRD bias indeed exists, it would 

be important to consider potential solutions to mitigate the 

bias. For instance, Atari et al. (2023) argued that this bias is 

likely due to WEIRD dominance in LLM’s training data. 

Similar to the well-known aphorism of “garbage in, garbage 

out,” where low-quality training data can lead to problematic 

output, biased data would also lead to biased output (i.e., 

WEIRD in, WEIRD out). Such biases in the training data 

cannot simply be reduced with increased model size or more 

training and would instead be further amplified (McKenzie et 

al., 2023). Therefore, researchers should focus more on 

reducing the bias in the training data if it is indeed the source 

of an LLM’s WEIRD bias. Accordingly, the current study 

directly tested this hypothesis through mediation analyses, 

using internet usage data as proxies to assess the dominance 

of different countries/territories in the LLM’s training data. 

Another issue to consider is that if aligning with WEIRD 

values is undesirable, it would still be necessary to determine 

what kind of values an LLM should be aligned with instead. 

However, individuals can hold a variety of contrasting but 

reasonable beliefs about values (Rawls, 1999), thus making 

it difficult to decide on a single set of values that LLM should 

adhere to. Gabriel (2020) proposed some possible solutions, 

such as identifying values that are agreed upon globally or 

adding up individual views in a democratic manner, but these 

may not be the most optimal solutions given the current 

technologies, where LLMs can be steered toward different 

preferences (Kirk et al., 2024). While LLMs that went 

through a one-size-fits-all alignment process may have to 

take a certain set of values and thus be biased toward certain 

groups, steering the model to different values when 

interacting with different users can overcome this problem. 

Therefore, the current study also investigated an LLM’s 

steerability by prompting it to simulate different identities 

and tested whether such prompting approach could reduce its 

bias toward WEIRD values. 

LLM’s Alignment with Different Populations 

and Its Steerability 

We investigated whether the responses of GPT-3.5 Instruct1 

are better aligned with some populations than others, with the 

 
1 We used this older model since more recent models such as 

GPT-4 tended to output extreme probabilities that were difficult to 

normalize into percentages comparable to human response 

hypothesis that it may be biased toward the values of WEIRD 

populations. In addition, we tested whether alignment can be 

improved by prompting the LLM to simulate different 

identities (i.e., its steerability) and whether this approach can 

also reduce the bias toward WEIRD populations. Finally, we 

examined a potential source of this bias: dominance of 

WEIRD values in LLM’s training data. 

Methods 

Materials To assess the values of different populations, we 

used the WVS Wave 7 dataset (Haerpfer et al., 2022), 

containing responses of nationally representative samples 

from 64 countries/territories collected from 2017 to 2022. We 

focused on the 47 questions in the Social Values, Attitudes, 

and Stereotypes bloc, since these questions capture general 

societal values across cultures. 

For each country/territory, we quantified the different 

dimensions of WEIRD-ness using the same approach as 

previous studies  (Linxen et al., 2021; Septiandri et al., 2024): 

(1) Western, binary distinction between Western and non-

Western based on Huntington (2000)’s classification; (2) 

Educated, mean years of schooling based on UNDP Human 

Development Report (United Nations Development 

Programme, 2022); (3) Industrialized, Competitive 

Industrial Performance (CIP) Index from the United Nations 

Industrial Development Organization (UNIDO, 2022); (4) 

Rich, gross national income (GNI) per capita in thousands of 

international dollars (World Bank, 2021a); (5) Democratic, 

political rights ratings (Freedom House, 2024a). 

An LLM’s potential bias toward WEIRD values could be 

due to their dominance in the training data. However, while 

language dominance in the training data is available for some 

models, dominance for other demographic characteristics is 

more difficult to assess. Since LLM’s training data tend to be 

mostly from internet users, here we used three metrics as 

proxies for estimating the dominance of different 

countries/territories in the training data: (1) Internet 

Population, which is the total number of internet users that 

are from a country (World Bank, 2021b, 2021c); (2) Internet 

Percentage, which measures the amount of internet users as 

a percentage of the country’s population (World Bank, 

2021c); (3) Internet Freedom, which includes ratings for 

obstacles to access, limits on content, and violations of user 

rights (Freedom House, 2024b). While Internet Population 

directly measures the number of individuals that can 

contribute to LLM’s training data, Internet Percentage 

considers whether these individuals are representative of the 

country’s population (i.e., less representative if they only 

form a small proportion). Internet Freedom further shows if 

the content produced by a country’s users truly reflects their 

opinions or if it is subjected to censorship or content filtering, 

either by the state or by the technology companies. 

distributions and refused to respond more often, causing missing 

data that would pose a problem to the subsequent clustering analysis. 
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Procedures and Analyses GPT-3.5 Instruct was prompted to 

answer the questions in the Social Values, Attitudes, and 

Stereotypes bloc of the WVS Wave 7 Survey, preceded by a 

context prompt that either instructed it to act as an average 

person living in a certain country without specifying the 

country (default response prompt) or specified a 

country/territory included in the WVS dataset (simulated 

identity prompt; e.g., to act as an average person living in 

Canada). All questions were in binary or Likert scale format 

that could be responded with a number. We obtained the 

model’s next-token log probabilities for the different options 

and normalized them into a response distribution, where the 

probabilities of all the options would add up to 1. 

We measured how well GPT-3.5 Instruct’s responses align 

with different countries/territories for each prompt type and 

each question by calculating the similarity between model 

and human responses. Specifically, we aggregated the human 

responses on each question for each country/territory to form 

a response distribution with percentages of participants 

choosing each option and computed the Wasserstein distance 

(WD) between the response distributions of the model and 

human data (Santurkar et al., 2023). WD measures the cost of 

transforming one distribution into another and can account 

for the ordinal structure of the options. A smaller WD 

between model and human responses indicated higher 

similarity and thus better value alignment. WD was then 

divided by the theoretical maximum (number of options – 1) 

to normalize across questions with different numbers of 

options. Average WD across questions was calculated for 

each prompt type and each country/territory as the measure 

of value alignment. 

We investigated whether GPT-3.5 Instruct exhibited a bias 

toward WEIRD values by examining the relationship 

between the WEIRD scores of the countries/territories and 

the model’s value alignment with the countries/territories as 

assessed using WD. Better alignment (lower WD) for 

countries/territories with higher WEIRD scores would 

indicate a bias toward WEIRD populations. We then 

compared the WD for the two prompt types to assess the 

model’s steerability, where reduced WD (improved 

alignment) for the simulated identity prompt would indicate 

that the model is steerable. We also tested whether simulated 

identity prompting could reduce the WEIRD bias through 

moderation analyses, hypothesizing that the association 

between the WEIRD scores and alignment would be weaker 

when given the simulated identity prompt than the default 

response prompt. Finally, we investigated whether the source 

of the WEIRD bias was due to the dominance of WEIRD 

populations in the training data, using mediation analyses to 

test if the association between the WEIRD scores and 

alignment could be accounted for by the three internet-related 

proxies for training data dominance. 

 
2 The variance inflation factor was below 3 for all predictors. 

 
Figure 1: (a) WD correlations between the model’s value 

alignment using two prompt types and the WEIRD scores, 

and (b) correlations of these variables with the proxies for 

country/territory dominance in training data (Pearson’s r, *p 

< .05, **p < .01, ***p <.001; created with the 

ComplexHeatmap package, Gu et al., 2016). Western is a 

binary variable where Western is 1 and non-Western is 0. 

 

 
Figure 2: Standardized regression coefficients of prompt 

type and the WEIRD scores for predicting WD (error bars: 

95% CI) 2. Sum coding was used (with simulated identity 

prompt/Western coded as 1 and the other level as -1) to 

ensure that the other predictors’ slopes were estimated while 

averaging across the levels of prompt and Western. 

Results 

LLM’s WEIRD Bias As shown in Figure 1a, all of the 

WEIRD scores were significantly and negatively correlated 

with the WD between human and LLM responses (i.e., 

positively correlated with the model’s value alignment) for 

both prompt types (except that the democratic score was only 

marginally correlated with the WD given simulated identity 
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prompt, p = .051): the higher the country/territory’s WEIRD 

scores, the better the model’s value alignment with the 

country/territory. This result suggested that GPT-3.5 Instruct 

indeed represented the values of WEIRD populations better. 

Since many of the WEIRD scores were also correlated with 

each other, we further conducted a linear mixed-effects 

regression with prompt type and all of the WEIRD scores as 

the predictors to evaluate their unique contributions for 

predicting the model’s value alignment assessed in WD 

(Figure 2). The regression analysis revealed that among the 

WEIRD scores, only the Western and Rich dimensions were 

significant predictors of the model’s value alignment when 

controlling for other variables, with Rich being the strongest 

predictor. Meanwhile, simulated identity prompting 

significantly reduced the WD/enhanced the value alignment, 

indicating that GPT-3.5 Instruct is indeed steerable since its 

value alignment can be improved by prompting it to act as 

different populations, although the effect size was small. 

Can WEIRD Bias Be Reduced by Prompting? The results 

above showed that among the WEIRD scores, the Western 

and Rich dimensions were uniquely associated with model’s 

value alignment, suggesting that the model’s value was 

biased towards countries/territories that are Western (a binary 

variable) or have a high Rich score. To examine whether 

simulated identity prompting could also reduce these biases, 

we performed a 2 × 2 mixed ANOVA for the Western 

dimension and a moderated mixed-effects regression for the 

Rich dimension to test if the effects of these variables on 

value alignment assessed in WD were moderated by prompt 

type. The results showed that the simulated identity prompt 

weakened the effect of the Western dimension, F(1, 62) = 

9.73, p = .003, η2
p = .32, and the effect of the Rich dimension, 

t(59) = 4.73, β = 0.21, p < .001, on the model’s value 

alignment. However, the effects remained significant even 

when using the simulated identity prompt for both the 

Western, t(62) = –5.25, p < .001, and the Rich dimensions, 

t(65.34) = –5.79, β = –0.56, p < .001, indicating that such 

prompting still cannot eliminate the bias. 

Source of LLM’s WEIRD Bias We then conducted 

mediation analyses to test whether the country/territory’s 

dominance in the training data (as measured by the three 

proxies) can explain the WEIRD bias in the model’s value 

alignment, focusing on the significant predictors, Western 

and Rich. Since Internet Population was not correlated with 

the WD value alignment measures or most of the WEIRD 

scores (Figure 1b), we only included Internet Percentage and 

Internet Freedom as the mediators. While Internet Freedom 

served as a significant mediator for both predictors, Internet 

Percentage was not a significant mediator for either (Figure 

3). Meanwhile, the direct effects of the Western and Rich 

dimensions on WD value alignment both remained 

significant, indicating that the source of LLM’s WEIRD bias 

cannot be fully explained by the mediators included. 

 

 

 
Figure 3: Indirect effect of the (a) Western and (b) Rich 

dimensions on value alignment assessed in WD (default 

response and simulated identity prompts, in different colors) 

through the proxies for the country/territory’s dominance in 

training data (i.e., Internet Percentage and Internet 

Freedom). Path values are the standardized coefficients with 

p-values in parenthesis (ab: indirect effect of the WEIRD 

indicators on value alignment through the mediators, c’: 

direct effect of the WEIRD indicators on value alignment, 

controlling for the indirect effects, *p < .05, **p < .01, ***p 

<.001) 

Discussion 

Consistent with our hypothesis, GPT-3.5 Instruct indeed 

exhibited a bias toward the values of WEIRD populations. 

However, the term WEIRD is merely a conscious-raising 

backronym and does not guarantee that each letter has equal 

theoretical importance (Henrich, 2024). Indeed, our findings 

indicated that among the five WEIRD dimensions, only 

Western and Rich were found to be significant predictors for 

the model’s value alignment after controlling for the other 

dimensions. In addition, while the Western dimension tended 

to be emphasized when discussing WEIRD populations, we 

found that the Rich dimension was the strongest predictor for 

alignment, further stressing that WEIRD-ness should not be 

treated as a binary distinction focused on the Western 

dimension. 

One way to address the WEIRD bias is to investigate its 

source. Here we considered potential WEIRD dominance in 

the LLM’s training data, using three proxies based on internet 
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usage data. Among the three proxies, Internet Freedom of a 

country/territory may be the most accurate estimate since it 

was the only significant mediator. However, the effect of the 

WEIRD scores on value alignment remained significant even 

after controlling for the mediators, indicating that the 

mediators could not fully explain the effect. Therefore, we 

either need more direct measures to assess training data 

dominance or we should consider other potential sources, 

such as biases introduced by reinforcement learning with 

human feedback (RLHF). Biases from RLHF may also be 

partially reflected by Internet Freedom (e.g., populations 

used to provide human feedback may be those with higher 

Internet Freedom). However, more information about LLMs’ 

RLHF processes is required to draw further conclusions. 

Another direction is to steer the model to different values 

according to different user needs. Indeed, prompting GPT-3.5 

Instruct to act as an individual from the specific 

country/territory improved the alignment and weakened the 

WEIRD bias. However, the effect was small, and the bias 

persisted even with such prompting. While the direction is 

promising, the current model and prompting approach is not 

sufficient to eliminate the bias, similar to what previous 

studies observed (Boelaert et al., 2024; Santurkar et al., 2023). 

To further investigate the current state of the bias that 

persisted even after simulated identity prompting, we 

clustered the countries/territories based on their alignment 

with GPT-3.5 Instruct (measured by WD when using the 

simulated identity prompt) across the questions so that we 

could identify the countries/territories that are better 

represented and those that require more alignment. 

Which Countries/Territories Are Better 

Represented by LLM? 

Methods 

We used the scikit-learn package (Pedregosa et al., 2011) to 

perform hierarchical clustering on the 64 countries/territories 

based on their alignment with GPT-3.5 Instruct as measured 

by WD when using simulated identity prompting across the 

47 questions. Missing data were estimated from available 

data using Bayesian ridge regression through scikit-learn’s 

IterativeImputer to ensure a complete 64 × 47 matrix for 

clustering. Each country/territory was initially treated as a 

single-item cluster. At each step, the two closest clusters 

would be merged into a bigger cluster until all clusters were 

merged into one. Distance between clusters was calculated 

using cosine distance and complete linkage. 

Results 

The hierarchical clustering analysis resulted in 4 clusters 

(referred to as Clusters 0 to 3; see dendrogram in Figure 4). 

One-way ANOVA analysis indicated that the clusters 

differed significantly in model alignment (WD), F(3, 60) = 

21.61, p < .001, η2 = .52. Clusters 2 and 3 had significantly 

better alignment than Clusters 0 and 1, while there were no 

significant differences between Clusters 2 and 3 or Clusters 

0 and 1. Cluster 3 included English-speaking countries, such 

as the United States, as well as some countries in Western 

Europe and Latin America, while Cluster 2 contained major 

East Asian countries/regions and Russia. 

 

 
Figure 4: Circular heatmap representation (circlize package; 

Gu et al., 2014) of each country/territory’s model alignment 

measured by WD, Internet Percentage and Internet 

Freedom, and WEIRD scores, where lighter shades indicate 

better alignment (smaller WD) and higher values for the 

other variable (see color scale, white indicates missing 

data). All of the values are in z-scores. The dendrogram 

represents the hierarchical clustering results based on model 

alignment (in WD) from simulated identity prompting 

across questions. 

 

Table 1: Differences in WEIRD dimensions (except the 

binary variable Western), Internet Percentage, and Internet 

Freedom across the four clusters. 

 

 

We then took a closer look at the WEIRD scores and 

Internet Percentage and Internet Freedom of the clusters to 

better understand their respective characteristics (visualized 

in Figure 4). Chi-square test of association indicated a 

significant relationship between the Western dimension and 

cluster membership, χ2 (3, N = 64) = 32.25, p < .001, with all 

of the Western countries belonging to Cluster 3 except for the 

Philippines. One-way ANOVA analyses revealed significant 

between-cluster differences in all of the remaining WEIRD 
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dimensions (Table 1). More specifically, Clusters 2 and 3 

were significantly higher in the Educated and Rich scores 

than Clusters 0 and 1. Cluster 2 was significantly more 

Industrialized than all of the other clusters, while Cluster 3 

was more Industrialized than the remaining clusters. Cluster 

3 was significantly more Democratic than all of the other 

clusters. The other differences were not significant. The 

clusters also differed significantly in Internet Percentage and 

Internet Freedom (Table 1), with Clusters 2 and 3 having 

higher Internet Percentage than Clusters 0 and 1 and Cluster 

3 having higher Internet Freedom than all other clusters. 

Discussion 

The clustering results confirmed that the binary distinction 

between WEIRD and non-WEIRD with a focus on the 

Western dimension is problematic when considering LLM’s 

value bias. We found that both the typical WEIRD 

populations (Cluster 3) and non-Western but Educated, 

Industrialized, and Rich populations (Cluster 2) are well-

represented by GPT-3.5 Instruct. In psychological research, 

East Asian samples have been commonly used as the non-

WEIRD comparison group. Conclusions drawn from these 

WEIRD versus East Asian comparisons are often generalized 

more broadly as conclusions about WEIRD versus the rest of 

the world, even though East Asian societies are similar to 

WEIRD societies yet dissimilar from the other societies in 

many aspects (Krys et al., 2024). Similarly, research on LLM 

value alignment should not only focus on WEIRD and East 

Asian societies, especially since they are both already 

relatively well-represented. It is also important to note that 

the relatively well-represented Cluster 2 did not necessarily 

have higher internet freedom, although it was a mediator for 

the effect of WEIRD scores on model alignment. Since the 

mediation was only partial, other factors may better explain 

why Cluster 2 was relatively well-represented. 

General Discussion 

We investigated whether LLM’s values are biased toward the 

values of WEIRD populations and explored two potential 

directions for mitigating such bias. We found that there was 

a general tendency for GPT-3.5 Instruct to represent 

countries/territories with high WEIRD scores more 

accurately. However, the WEIRD dimensions were highly 

correlated with each other, meaning that the effect of each 

dimension on LLM’s value alignment could be amplified by 

others endogenously. After controlling for other dimensions, 

we found that only Western and Rich remained significant 

predictors. In particular, while the Western dimension is 

often emphasized, the Rich dimension was a stronger 

predictor of LLM’s value alignment than Western. This 

finding was further confirmed by the clustering results, which 

revealed that non-Western but Rich, Educated, and 

Industrialized populations were also represented relatively 

well by the model. These populations included East Asian 

countries and regions, which are commonly used as non-

WEIRD comparison groups in psychological studies (Krys et 

al., 2024). Our findings thus demonstrate the importance of 

considering more diverse populations beyond Western and 

East Asian populations in LLM value alignment research. 

We also considered two potential directions for mitigating 

LLM’s value bias toward countries/territories that are 

Western and high in the Rich score. One direction is to 

determine the source of the bias so that further research could 

focus on ways to remove the source. Here we used three 

proxies of a country/territory’s dominance in LLM’s training 

data based on internet usage data to investigate whether 

dominance in the training data could be a source of the bias. 

We found that only the proxy Internet Freedom could be a 

potential source. Also, it could only partially explain the 

effect of the Western or Rich dimensions on LLM’s value 

alignment. One possibility is that these internet usage data 

may not accurately capture a country/territory’s dominance 

in the training data as the training dataset for many LLMs are 

not publicly available. Moreover, even for models with open 

training datasets, demographic information about the people 

who produced the data is often unavailable. Another 

consideration is that many LLMs have gone through the 

RLHF process, where biases could be introduced by human 

evaluators either due to their own biases or due to the 

instructions given to them (Casper et al., 2023). Similar to the 

training datasets, information about LLMs’ RLHF processes 

is often limited. 

Another means for tackling LLM’s value bias is to simply 

steer the model to different values depending on user needs. 

The current study found that prompting the model to simulate 

a given identity improved its value alignment with the 

corresponding country/territory, but the effect was limited 

and value bias persisted. Even with such prompting, only the 

WEIRD and East Asian populations were represented 

relatively well. Future studies may consider other methods to 

steer the model’s values according to user needs. For instance, 

Li et al. (2024) found that LLMs fine-tuned to adapt to 

specific cultures performed better on culture-related language 

tasks than the unified model, which was fine-tuned with data 

from multiple cultures. Therefore, developing culture-

specific models through fine-tuning may be a more effective 

strategy than expecting a unified model to adapt to different 

cultures only by in-context learning. 

In conclusion, we found that while the GPT-3.5 Instruct 

LLM currently better represents the values of WEIRD 

populations, it also captures the values of some non-Western 

populations (e.g., East Asia) relatively well. While many 

researchers focus on the comparison between Western and 

non-Western populations, the Rich dimension was the 

strongest predictor of LLM’s value bias. Therefore, future 

studies should attend to less prosperous populations instead 

of only considering easily accessible samples. We also found 

that one source of the value bias could be unbalanced training 

data as approximated by Internet Freedom, and that simulated 

identity prompting reduced the value bias but did not 

completely remove it. These findings point to the importance 

of training process disclosure by model developers and the 

consideration of developing culture-specific models through 

fine-tuning to ensure fair and ethical usage of LLMs. 
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