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The rise of Large Language Models (LLMs) like ChatGPT marks a pivotal advancement in

artificial intelligence, reshaping the landscape of data analysis and processing. By simulating

public opinion, ChatGPT shows promise in facilitating public policy development. However,

challenges persist regarding its worldwide applicability and bias across demographics and

themes. Our research employs socio-demographic data from the World Values Survey to

evaluate ChatGPT’s performance in diverse contexts. Findings indicate significant perfor-

mance disparities, especially when comparing countries. Models perform better in Western,

English-speaking, and developed nations, notably the United States, in comparison to others.

Disparities also manifest across demographic groups, showing biases related to gender,

ethnicity, age, education, and social class. The study further uncovers thematic biases in

political and environmental simulations. These results highlight the need to enhance LLMs’

representativeness and address biases, ensuring their equitable and effective integration into

public opinion research alongside conventional methodologies.
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Introduction

Public opinion is crucial in shaping policy decisions, parti-
cularly in democratic societies, where it reflects the electo-
rate’s preferences, concerns, and priorities (Burstein, 2003).

This feedback loop enables policymakers to remain attuned to
their constituents’ needs, fostering accountability and responsive
governance (Hutchings, 2005). While traditional public opinion
collection methods like surveys and interviews provide valuable
insights, they are plagued by issues like low response rates,
potential biases, and challenges in achieving representativeness.
For instance, lengthy surveys in particular risk diminishing
respondent engagement due to their extensive nature (Dillion et
al., 2023). Fortunately, the recent advances in artificial intelligence
(AI), especially large language models (LLMs) like ChatGPT, offer
a novel approach to complementing traditional methods in public
opinion collection as they are capable of swiftly responding to a
multitude of questions (Lee et al., 2023). This efficiency, com-
bined with the ability to process and analyze extensive text data,
empowers LLMs to uncover insights into public sentiment often
overlooked by conventional methods (Ray, 2023).

The role of generative LLMs in social science is increasingly
recognized for its multifaceted applications. As noted by Korinek
(2023), these models are instrumental in various tasks within
psychological science, including editing academic papers and
facilitating literature reviews. In the educational domain, Cowen
and Tabarrok (2023) demonstrate how LLMs can simulate expert
responses or create specific personas to deepen understanding of
complex subjects like economics.

Recent research underscores the potential of LLMs in public
opinion analysis. For instance, Argyle et al. (2023) demonstrated
ChatGPT’s ability to accurately reflect responses across various
human subgroups, particularly in the context of presidential
election behaviors. A notable correlation was observed between
human responses and those generated by LLMs, referred to as
‘silicon samples’. Similarly, Lee et al. (2023) found that LLMs can
predict public opinions on global warming. However, Lee et al.
(2023) emphasized the need for LLMs to incorporate a broader
range of variables, including psychological factors, for a more
precise simulation of opinions on complex issues like global
warming. Additionally, Aher et al. (2023) and Horton (2023)
explored LLMs’ capacity to emulate specific personas, showing
ChatGPT’s proficiency in replicating human subject experiments
with detailed demographic analysis. Complementary to this,
studies by Brand et al. (2023) and Park et al. (2023) highlighted
ChatGPT’s skill in simulating consumer behavior and human
actions in various scenarios. These studies collectively highlight
the sophisticated simulation capabilities of LLMs like ChatGPT,
marking their significant role and expanding influence in public
opinion research.

While the use of LLMs like ChatGPT in social science shows
promise, three significant challenges necessitate further investi-
gation. C1) The global applicability and reliability of LLMs. The
prevalent use of U.S. surveys in existing studies (Argyle et al.,
2023; Lee et al., 2023) reflects the English-centric training data of
ChatGPT. It leaves us with uncertainty regarding the model’s
effectiveness in navigating and accurately reflecting public opi-
nion across diverse cultural, linguistic, and economic contexts.
This gap in understanding poses a critical challenge in assessing
the applicability and reliability of LLMs, such as ChatGPT, in
public opinion analysis on a global scale. C2) Demographic biases
within LLMs. Biases related to gender, race, education, age, and
income, inherent in LLMs due to training on internet-based
content, may not sufficiently represent diverse perspectives. For
instance, Martin (2023) suggested a tendency in ChatGPT’s
responses to favor liberal and privileged viewpoints. Therefore,
identifying and addressing specific areas of unfair representation,

particularly in terms of socio-economic diversity, merits further
research to ensure equitable AI development. C3) Complexity and
Choice Variability in LLM Simulations. A notable research gap
exists in assessing LLMs, like ChatGPT, for their capability to
replicate complex decision-making across various topics. This gap
encompasses a limited insight into the models’ adaptability to
distinct decision dynamics, such as environmental versus political
issues, and the influence of increased choice complexity on
simulation accuracy. Closing this gap is essential for evaluating
the boundaries and efficacy of LLMs in diverse and complex
societal contexts.

The study aims to tackle these challenges through a three-fold
approach. Firstly, we explore the impact of cultural, linguistic,
and economic development differences in AI simulation accuracy
(for C1). This objective directly addresses the gap related to the
predominance of English and U.S.-centric data in AI models. The
study assesses how these biases influence public opinion repre-
sentation in diverse contexts and their subsequent effects on
policy decisions across different countries. Building upon this
foundation, the second aim is to analyze the implications of
demographic biases within AI simulations (for C2). This aim
focuses on understanding how demographic biases in AI affect
the inclusivity and representativeness of public policies, ensuring
that diverse demographic perspectives are accurately reflected.
Finally, we assess AI simulation accuracy in diverse issues and
explore ideological and choice complexity biases in policy
implications (for C3). This involves a focused examination of
three aspects: the variation in AI simulation accuracy between
topics like environmental and political issues, the influence of
ideological biases on policy-related simulations, and the effect of
choice complexity on simulation fidelity. These explorations are
essential for guaranteeing that AI-driven policies are founded on
a realistic, unbiased, and comprehensive grasp of complex societal
issues.

The contributions of this paper are summarized as follows: The
theoretical significance of this research lies in its potential to
enrich public opinion theories by examining the parallels and
discrepancies between human biases in opinion formation and AI
biases in opinion simulation. This provides insights into AI’s role
and potential impact on public policy. On an empirical level, the
study aims to empirically analyze biases related to culture, lan-
guage, economy, demographics, and themes in AI-simulated
public opinions. It seeks to highlight the complexities and chal-
lenges AI tools encounter in accurately representing diverse
viewpoints.

Recognizing the challenges of adding value ethically to AI,
especially in capturing the diversity and complexity of global
public opinions, this study’s outcomes inform the creation of
more sophisticated AI applications in public policy. It under-
scores the need to develop policies informed by a balanced and
inclusive representation of public opinions, essential for efficient
governance in areas like environmental protection, economic
development, and political processes.

Materials and methods
Tool: ChatGPT. Advancements in AI and natural language
processing (NLP) have led to the development of LLMs, which
are reshaping the landscape of content creation and text gen-
eration (Mathew, 2023). ChatGPT, a prominent example of these
models developed by OpenAI, stands at the forefront of this
transformation. Built on the Generative Pre-trained Transformer
(GPT) architecture, ChatGPT excels at mirroring human-like
language capabilities (Chan, 2023). It leverages vast datasets to
generate contextually appropriate responses, showing the power

ARTICLE HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-03609-x

2 HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |         (2024) 11:1095 | https://doi.org/10.1057/s41599-024-03609-x



of LLMs in understanding and generating nuanced text
(Ray, 2023). Inspired by the method of Argyle et al. (2023), we
utilize ChatGPT to generate ‘Silicon Sample Data’ to assess the
correspondence between simulated responses and real survey
results across different research settings.

Survey data source. The World Values Survey (WVS), initiated
in 1981, surveys socio-cultural, political, and moral values glob-
ally, covering nearly 100 countries and representing about 90% of
the global population (Inglehart et al., 2014). The WVS’s standard
questionnaire ensures data consistency across diverse linguistic,
economic, and cultural regions, making it valuable for com-
parative analyses like ours. This uniformity is crucial in our study
to attribute any variation in AI-simulated responses to the AI’s
interpretation instead of differences in question phrasing. Besides,
the WVS questionnaire covers a broad spectrum of topics,
including economic, political, religious, and social values, making
it useful for various research fields. It enables comparisons
between responses on potentially biased topics like environmental
issues and political questions, assessing AI simulation biases
across different themes. Moreover, with interviews with nearly
400,000 respondents, the WVS is one of the largest studies of its
kind (Inglehart et al., 2014). It provides detailed demographic
data for each respondent, which is important for examining
demographic representation biases in AI simulations and how
well AI models mirror public opinion across diverse subgroups.
In this study, we use data from WVS Wave Six (2010–2014). The
time of the survey varied by country; it was conducted in Japan in
2010, the United States in 2011, Sweden in 2011, Singapore in
2012, South Africa in 2013, and Brazil in 2014.

Simulation input parameters
Target variables. The first target variable, V81, assesses prior-
itization between the economy and the environment. It asks
respondents to choose among statements: 1. Emphasis on pro-
tecting the environment, 2. Emphasis on economic growth, 3. No
answer to environmental versus economic priorities. This variable
is primarily used in the first two studies focusing on country
comparisons and demographic biases. The survey questions for
this and the below variables are available in Table S3 in the
Supplementary Materials.

The second target variable is political election voting behavior,
measured by question V228: “If there were a national election
tomorrow, for which party on this list would you vote?”
Respondents can choose from major political parties in their
country, along with options like uncertainty or not voting. For
example, in the United States, options include 1. Democrat, 2.
Republican, 3. Other party, and 4. No answer/Don’t know/I
would not vote. This variable is introduced in the third study,
where both environmental and political questions are utilized for
thematic comparison.

Demographic Variables. Key demographic variables include
ethnicity (V254), sex (V240), age (V242), education level (V248),
and social class (V238). Ethnicity options are country-specific and
reflect major ethnic groups for respective countries. Sex is coded
as 1 for males and 2 for females. Age is a continuous variable.
Education levels range from no formal education to a university
degree. Social class is self-identified, with options like upper class,
middle class, or lower class.

Covariates. For the environmental issue, we choose covariates
that are frequently included in environmental surveys and have
precedent in prior research (Lee et al., 2023), including:

● Membership in Environmental Organizations (V30): This
assesses active (2), inactive (1), or non-membership (0) in
various organizations, including environmental ones.

● Environmental Consciousness (V78): This measures
respondents’ identification with the statement “Looking
after the environment is important to this person; to care
for nature and save life resources.” Responses range from 1
(very much like me) to 6 (not at all like me).

● Financial Support for Ecological Organizations (V82): This
variable inquiries about donations to ecological organiza-
tions in the past two years, coded as 1 (yes) and 2 (no).

● Participation in Environmental Demonstrations (V83):
This variable assesses involvement in environmental
demonstrations in the past two years, with responses
coded as 1 (yes) and 2 (no).

● Confidence in Environmental Organizations (V122): This
measures confidence levels in environmental organizations,
ranging from a great deal of confidence (1) to none at
all (4).

As mentioned in the limitation, there are few covariates
associated with the political question. We only identified one
covariate, which is Political Ideology (V95): In political matters,
people talk of ‘the left’ and ‘the right.’, if 1 means extremely left
and 10 means extremely right, where would you place your views?

Simulation process
Model and API setting. Our study employs the GPT-3.5 Turbo
model, due to GPT-3.5’s superior efficiency in processing large
data volumes and faster response capabilities, essential for our
extensive simulation research. Moreover, despite the commonly
held view that human morality is a challenging aspect for lan-
guage models to grasp, Russell (2019) and Dillion et al. (2023)
discovered a notable alignment between GPT-3.5’s responses and
human moral judgments. This congruence of GPT-3.5 can help
enhance the accuracy and relevance of our simulations in repli-
cating complex human ethical considerations. Note that we
acknowledge that our findings are specific to the version of the
language model used and do not necessarily reflect the cap-
abilities or biases of all LLMs.

The impact of temperature settings on language model outputs
varies depending on the task. As noted by Boelaert et al. (2024), in
scenarios where responses are limited to predetermined options,
such as in our experiments, temperature variations have minimal
effect on outcomes. This contrasts with full-answer generation
tasks, where temperature can influence next-token probabilities.
Despite the limited impact in our case, we follow the
recommendations of Guilherme and Vincenzi (2023) and Davis
et al. (2024), who suggest that lower temperatures produce more
consistent outputs. Consequently, we set the OpenAI API’s
temperature to 0.2 for our survey simulation.

Prompt design. We adopt an interview-styled format for gen-
erating AI responses that simulate human participants. The
process begins with converting raw survey data, including
demographic information and other covariates, into a format
understandable by the AI model. We assign specific codes to each
demographic attribute and then translate these codes into
descriptive sentences. For example, ‘V240-1’ translates to “You
are male.” These sentences form a comprehensive demographic
profile for each respondent, starting with “Please assume that you
are…” Regarding the target question, our approach differs across
studies. Initially, we focus exclusively on the environmental
protection versus economic growth question for country com-
parison and demographic biases. For the third study, both the
environmental question and the political election voting decision
question are employed for thematic comparison.

We then integrate the demographic profile and the target
question into a single prompt, guiding the AI to respond as a
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person with specific demographic characteristics. For example,
“Assuming you are a 30-year-old female with a university degree
and middleclass status, when asked whether you support
protecting the environment or enhancing economic growth, what
is your choice: (1) emphasis on protecting the environment, (2)
emphasis on economic growth, or (3) neither/other?”

To improve the authenticity of our simulations, we used
prompts in the native languages of non-English speaking
countries—Sweden, Brazil, and Japan—drawing directly from
the questionnaires in local languages available in the WVS
database and enabled the ChatGPT to respond in the language of
the query. This method preserves the original context and
meaning, enhancing the accuracy of our cross-linguistic analysis
of ChatGPT performance. For other countries in our study, where
English is the primary language and the questionnaires were
administered in English, we continued to use English prompts.
Moreover, for each sample, we conducted 100 simulations
considering the variability inherent in the model’s responses.

To validate our simulation, we instruct the AI to provide a
reasoning chain before its final answer, ensuring responses mimic
human-like thought processes. Additionally, we direct the AI to
forego politically correct answers, favoring responses based on an
assumed personal setting. The AI-simulated response, typically a
chosen numerical option, is then extracted and recorded. Figure 1
shows the process from raw survey data conversion to AI-
generated responses, as well as the reasoning chain of ChatGPT
before giving an answer.

Comparative design. The literature on bias in AI systems reveals
varied detection methods. Delobelle et al. (2021) questioned the
generality of using fixed templates and specific seeds, while

Caliskan et al. (2017) emphasized the role of training data in
introducing biases into AI. Akyürek et al. (2022) noted bias
metrics’ inconsistency, potentially leading to contradictory find-
ings. Liu et al. (2022) discussed the operational difficulties in
developing bias classifiers and the often-limited access to a
model’s word embeddings that are essential for thorough bias
assessment.

In the context of AI systems, particularly language models like
ChatGPT, algorithmic fidelity would imply the model’s ability to
reflect the diversity of human opinions, cultural nuances, and
socio-cultural dynamics in its responses or outputs (Argyle et al.,
2023; Lee et al., 2023). For instance, if a language model is used to
simulate public opinion, high algorithmic fidelity would mean
that the opinions generated by the model closely align with the
actual distribution of opinions across different populations. The
concept is crucial in evaluating the effectiveness and reliability of
AI systems in applications where reflecting human-like under-
standing and behaviors is important.

In line with the theoretical framework of algorithmic fidelity,
we posit that an unbiased AI should accurately reflect the wide
range of opinions represented in the WVS, showing the diversity
and proportionality inherent in a global, multicultural sample.
Consequently, our operational definition of bias is centered
around the extent of deviation in the AI’s depiction of public
opinion from the empirically observed distribution of responses
within the WVS. To assess this, we utilize agreement not as a
direct bias metric, but as a tool to assess the degree of alignment
between ChatGPT’s responses and the actual WVS outcomes.

Thus, the detection of biases stems from a comparative analysis
that scrutinizes agreement scores across various countries,
demographic segments, and thematic areas. Through

Fig. 1 ChatGPT simulation process flowchart. The top section outlines the procedure for generating ChatGPT-simulated responses using socio-
demographic prompts derived from the World Values Survey Dataset for six countries. The bottom section displays the step-by-step rationale of ChatGPT
to give an answer based on the demographic information.
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examination of the variations in agreement scores among these
groups, we identify which simulations most accurately mirror the
surveyed populations and which may display signs of bias. Higher
agreement levels in certain groups, as opposed to others, suggest a
lower propensity for bias in the model’s representations of those
particular groups’ opinions.

Cultural, linguistic, and economic bias evaluation. Cultural, lin-
guistic, and economic biases in AI models like ChatGPT, pri-
marily stem from their internet-based training data, which is
heavily skewed towards specific cultures, languages, and eco-
nomic perspectives (Ray, 2023). The strategic selection of Japan,
Singapore, the U.S., South Africa, Sweden, and Brazil for this
study, as detailed in Table 1, aims to encompass a broad spectrum
of cultural, economic, and linguistic contexts. This facilitates a
thorough analysis of ChatGPT’s performance and biases across
varied global settings.

Demographic bias assessment. The study investigates the presence
of gender, racial, age, educational, and income biases in AI
models such as ChatGPT, likely originating from biases in the
training data (Ray, 2023). We assess these biases through simu-
lated interactions with ChatGPT among varied demographic
groups within the United States, specifically analysing responses
to environmental issues.

Complexity and choice variability. We continue to address the
potential ideological bias in AI models like ChatGPT (Ray, 2023).
This entails examining three key aspects: the difference in AI
simulation accuracy across topics such as environmental and
political issues, the presence of ideological biases for different
topics, and how choice complexity affects simulation fidelity.

Data analysis. To measure the correspondence between the
simulated responses and the real survey results, our analysis
primarily employs Cohen’s Kappa, a robust measure adjusting for
chance agreement, thus providing a more accurate assessment of
ChatGPT’s responses compared to actual survey results. A Kappa
value of 1 indicates perfect agreement, while a value of 0 indicates
no agreement beyond what is expected by chance. Negative values
indicate less agreement than expected by chance.

In support of Cohen’s Kappa, we also utilize Cramer’s V, which
measures the strength of association between two nominal
variables independent of table size, offering values from 0 (no
association) to 1 (perfect association). This method complements
Kappa by assessing the overall correspondence between variables.

Finally, we assess the Proportion Agreement, a fundamental
measure that determines the percentage of instances where two
evaluators provide identical classifications. While this method
yields a straightforward calculation of agreement, it lacks the

capacity to account for coincidental concurrence. Consequently, a
high rate of agreement does not invariably mean a substantive
association, as it might merely reflect chance alignment. This
limitation renders the Proportion Agreement a supplementary
tool rather than a focal point of our analysis, particularly in
comparison to Cohen’s Kappa and Cramer’s V.

Together, these statistical methods provide a thorough
analytical framework. Our focus, however, is on Cohen’s Kappa
for its robust adjustment for chance, a vital factor in analyzing AI
response patterns. We conducted 100 simulations per respondent
to calculate agreement and used the mean of these calculations as
the overall agreement level for each prompt. This method reduced
the variability in the model’s responses, yielding a more reliable
consensus estimate.

Results
This research has provided insights into the capabilities and
limitations of LLMs like ChatGPT for simulating public opinion
across various cultural, economic, linguistic, demographic, and
thematic contexts. Our findings highlight that while LLMs show
promise in replicating public opinions, particularly in contexts
like the United States where the model’s training data is more
robust, there are notable limitations in its global applicability and
reliability. Moreover, our analysis within the United States
uncovered unfair representation of specific demographic groups.
This disparity suggests that current LLMs, including ChatGPT,
may inherently possess biases influenced by the demographic
representation in their training data. The underrepresentation or
misrepresentation of certain groups, especially marginalized
communities, raises concerns about the equitable use of LLMs in
public opinion research. Last, the study reveals that ChatGPT
favors liberal choices more in political than environmental
simulations, that its simulation accuracy is higher for political
behaviors than complex environmental decisions, and that
increased choice complexity reduces the model’s simulation
accuracy. These findings highlight the importance of addressing
inherent biases and the incorporation of more diversified training
materials in AI models for reliable application across various
topics and countries.

Comparative study across countries. Figure 2 presents the dis-
tribution of Cohen’s kappa values across each country, derived
from 100 simulation iterations. The mean value of these results is
calculated and reported. Figure 3 illustrates the differences in
ChatGPT’s ability to simulate survey responses across countries
based on Cohen’s Kappa score. A higher score shows a higher
level of agreement in simulation. The results on the other two
measures – Cramer’s V and Proportion Agreement – are available
in Table S1 in the Supplementary Materials.

The United States displays a moderate Cohen’s Kappa score of
0.239, indicating a reasonably good simulation of survey
responses. On the other hand, Japan and South Africa’s low
Cohen’s Kappa values of 0.024 and 0.006, respectively, highlight
significant limitations in the model’s accuracy within these
contexts. The inconsistency suggests that the simulation’s current
assumptions—such as the uniform influence of cultural,
economic, and social factors across different countries—may be
flawed, indicating these elements are not sufficiently integrated or
weighted in the model.

To better understand the correlation, we have transformed key
aspects—culture, economy, and language—into binary variables
using a 0 and 1 scheme, as detailed in Table 2. Cultural
background is coded as “Western” (1) or “Not Western” (0),
economic status as “Developed” (1) or “Developing” (0), and
dominant language as “English” (1) or “Not English” (0). Each of

Table 1 Country comparison by culture, economy, and
language.

Country Cultural
Background

Economic
Status

Dominant
Language(s)

USA Western Developed English
Japan East Asian Developed Japanese
Singapore Southeast Asian Developed English
South Africa African Developing English, Afrikaans
Brazil Latin American Developing Portuguese
Sweden Nordic Developed Swedish

This table categorizes six countries by their cultural background, economic status, and dominant
languages to contextualize the dataset used for ChatGPT’s simulation analysis.
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Fig. 2 Distribution of Cohen’s Kappa for 100 simulations with mean highlighted. This figure illustrates the variability and central tendency in Cohen’s
Kappa statistics through 100 simulations for six different countries: USA, Sweden, Singapore, Brazil, Japan, and South Africa. The density plots demonstrate
the distribution of the kappa values, while the dashed vertical lines indicate the mean kappa value for each country, providing a reference for the central
location of the data within each simulation set.

Fig. 3 ChatGPT simulation accuracy by country. The horizontal axis quantifies Cohen’s Kappa values, and the vertical axis segregates countries into
different categories based on culture, economic development, and primary language.

Table 2 Country comparison: cultural, economic, and linguistic aspects.

Country Culture (Western= 1) Economy (Developed= 1) Language (English= 1) Combined Code

USA 1 1 1 (1, 1, 1)
Japan 0 1 0 (0, 1, 0)
Singapore 0 1 1 (0, 1, 1)
South Africa 0 0 1 (0, 0, 1)
Brazil 0 0 0 (0, 0, 0)
Sweden 1 1 0 (1, 1, 0)

Each country is coded with binary indicators for being Western (1 for Western), Developed (1 for Developed economies), and English-speaking (1 for English as a primary language).
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these six countries uniquely represents a code formed by
combining the three categories.

We use Pearson correlation coefficients to identify linear
relationships between various factors and ChatGPT’s simulated
results. These coefficients, which vary between −1 and 1,
elucidate both the strength and type of these relationships.
Coefficients near 1 or −1 denote strong positive or negative
correlations, respectively, whereas a coefficient around 0 indicates
a lack of significant correlation.

Figure 4 demonstrates the correlations between different
simulation result metrics and the binary categories of cultural
background, dominant language, and economic status. In the
heatmap, dark blue indicates a strong positive correlation,
whereas lighter blue suggests a weaker positive correlation. The
heatmap analysis underscores the substantial influence of culture
on ChatGPT’s simulation accuracy, with a high Cohen’s Kappa
correlation of 0.971, indicating a strong predictive relationship.
Complementary to this, the correlation with Cramer’s V and
Proportion Agreement is also notable, recorded at 0.942 and
0.789, respectively, reinforcing culture’s pivotal role. In contrast,
economic factors reveal a moderate correlation through a Cohen’s
Kappa value of 0.557, suggesting its influence is considerable but
not as pronounced. Furthermore, language demonstrates its
impact with a Cohen’s Kappa correlation of 0.101, confirming its
relevance, albeit to a lesser extent than cultural and economic
factors. These correlations highlight the significance of integrating
diverse socio-cultural and economic considerations for enhancing
the fidelity of ChatGPT simulations in reflecting public opinion.

Demographic representation in the United States. Since the
previous result shows that ChatGPT’s effectiveness in simulating
survey responses is most prominent in the United States, we
further explore the demographic subpopulation representation
within this country using the environmental issue survey ques-
tion. Here, we only highlight Cohen’s Kappa results using Fig. 5
since our analysis across Cohen’s Kappa, Cramer’s V, and Pro-
portion Agreement demonstrated a consistent pattern. The cor-
responding results from the other two measures are available in
Table S2 in the Supplementary Materials.

Figure 5 reveals distinct patterns in the alignment between
ChatGPT’s simulated and actual responses across U.S. demo-
graphics regarding the priority between economy and

environment. Males show slightly higher agreement and associa-
tion than females. Among ethnic groups, white and other
ethnicities exhibit more robust correspondence. Older age groups
demonstrate notably stronger alignment, indicating age-related
variability. In terms of social class, the upper and middle classes
align more closely with the simulations. Additionally, the group
with university education displays a higher fidelity in response
alignment, suggesting a correlation between higher education and
response predictability.

These trends are in line with Dillion et al. (2023), who observed
that GPT models tend to mirror the viewpoints of individuals
with higher incomes and education. Furthermore, Ray’s (2023)
review corroborates our findings regarding gender and ethnic
biases. However, our study diverges when it comes to age
representation; we find that older age groups align more with
ChatGPT’s Turbo-3.5. In contrast, Santurkar et al. (2023) noted
that the 65+ demographic is poorly represented by current
language models. This discrepancy might be attributed to the
specific models used, as each may possess unique biases (Dillion
et al., 2023), influencing the representation of different age
groups.

Moreover, while the previous studies (Dillion et al., 2023; Ray,
2023) primarily examined political issues, our research extends
into environmental issues. It not only reaffirms the existence of
these demographic biases but also suggests their pervasiveness
across different spheres. This implies a more widespread issue of
unfair representation of different demographic subpopulations in
AI models, warranting careful consideration and action.

Comparative analysis of topic-related results
Accuracy of political vs. environmental issue simulations. We
compare ChatGPT’s simulation accuracy on two different issues
within the United States: environmental protection versus eco-
nomic development, and political voting decisions. Research by
Lee et al. (2023) successfully forecasts political outcomes using
demographic data solely, suggesting a simpler decision-making
process compared to environmental issues, which appear less
predictable from demographics alone. We assess this by com-
paring political decisions and environmental decisions, both with
and without additional covariates. Our comparative analysis
between political and environmental decisions involved distinct
sets of covariates: five for environmental decisions, including

Fig. 4 Simulation correlation heatmap with cultural, economic, and linguistic factors. In the heatmap, dark blue indicates a strong positive correlation,
whereas lighter blue suggests a weaker positive correlation.
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Membership in Environmental Organizations, Environmental
Consciousness, Financial Support for Ecological Organizations,
Participation in Environmental Demonstrations, and Confidence
in Environmental Organizations; and one for political decisions,
Political Ideology. To enable a direct comparison amidst the
diverse response options of the original survey for V228 and V81,
our study focused exclusively on respondents who voted for either
“Democrats” or “Republicans” in the political voting question
(Lee et al., 2023). This binary categorization was also applied to
the ChatGPT simulations. Similarly, for environmental issues, we
confined our analysis to participants who voted with a preference
for either economic or environmental priorities, ensuring a uni-
form framework of binary options to isolate the model’s perfor-
mance from response complexity.

Table 3 indicates that political simulations demonstrate higher
accuracy compared to environmental simulations, both with
covariates and without covariates. This inherent predictability of
political behavior is supported by Lee et al. (2023), who found
demographics alone to be a strong predictor. In the comparison
involving covariates, political simulations are modeled using just
a single covariate, whereas environmental simulations incorpo-
rate multiple covariates but still fail to achieve comparable
accuracy. This discrepancy suggests additional complexities in
modeling environmental decision-making. Therefore, our study
reinforces the notion that simulating environmental decision-
making is inherently more challenging than predicting political
behavior.

Ideological bias in ChatGPT simulations across different topics.
We investigated ChatGPT’s potential bias towards liberal

ideologies in simulations related to environmental issues and
election voting. We defined prioritizing environmental protection
as a liberal stance in environmental dialogs and voting for the
Democratic Party as the liberal option in political discussions. To
assess the model’s ideological tendencies, we analyzed the fre-
quency of liberal choices in the simulations for both topics,
contrasting them with the actual survey results. Recognizing the
broader range of options in political questions, we normalized the
responses to mitigate any potential bias amplification due to the
larger set of political choices.

Table 4 presents a −6.10% difference in the liberal proportion
for environmental issues, signaling that in simulations, fewer
simulated respondents were inclined to select the liberal option
compared to actual survey outcomes, denoting a conservative
deviation. Conversely, the political issue simulations exhibit a
16.33% increase in liberal selection, indicating a greater number
of simulated respondents favoring the liberal choice relative to the
survey data, revealing a liberal inclination. Our findings are
consistent with the research conducted by Martin (2023) and

Fig. 5 Comprehensive demographic analysis. The bar chart quantifies the demographic representation of ChatGPT’s simulation accuracy using Cohen’s
Kappa. Each bar reflects the level of agreement between ChatGPT’s responses and human judgment across different demographic sectors: sex, ethnicity,
age, social class, and education.

Table 3 Environmental vs political issue simulations.

Simulation Covariates Cohen’s Kappa Cramer’s V Proportion Agreement

Environmental Issue With Multiple Covariates 0.270 0.274 66.83%
Without Covariates 0.000 . 38.07%

Political Issue With One Covariate 0.306 0.324 65.92%
Without Covariate 0.145 0.263 54.71%

This table compares the accuracy of ChatGPT’s simulations for environmental and political issues. The results indicate marginally higher accuracy for political issues.

Table 4 Liberal proportions in environmental and political
simulations.

Topic Difference in Liberal Proportion
(%)

Environmental Issue −6.10
Political Issue 16.33

This table presents the percentage difference in the proportion of liberal responses generated by
ChatGPT simulations for environmental and political topics.
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Dillion et al. (2023), which suggested that ChatGPT tends to
exhibit a bias towards liberal viewpoints in political matters.
Moreover, our study goes beyond this by revealing that
ChatGPT’s ideological predisposition varies depending on the
specific simulation topic being discussed.

Impact of choice variety on simulation fidelity. Focusing solely on
the political issue, we compared ChatGPT’s responses between
scenarios with two and four options. Table 5 shows a clear trend:
as the number of choices increases, the simulation’s alignment
with expected outcomes decreases. This suggests that ChatGPT’s
ability to match the target distribution diminishes with more
complex choice sets. This finding is consistent with Lee et al.
(2023)’s research, highlighting that greater choice complexity
challenges the accuracy of AI in decision-making simulations.
This underscores the critical role of choice quantity in influencing
AI model performance in simulations.

Discussion
Our research assesses the efficacy of ChatGPT in public opinion
analysis, considering geographical, demographic, and topic-
specific aspects. These dimensions collectively shed light on the
strengths and limitations of LLMs in accurately capturing diverse
public opinions. While demonstrating accuracy in reflecting views
within the United States, simulations reveal biases and con-
straints, especially in representing socially disadvantaged sub-
groups, non-Western and developing countries, and maintaining
ideological neutrality across topics. This highlights the need for a
balanced and cautious approach in integrating LLMs with tradi-
tional research methods, ensuring comprehensive and repre-
sentative insights into diverse public opinions.

Global applicability and reliability of LLMs. The study reveals
notable disparities in ChatGPT’s simulation accuracy among
different countries, highlighting a higher alignment with the
United States compared to others. This finding is in line with
Dillion et al.’s (2023) research, which suggested that language
models like GPT are more adept at providing general estimates
about Western English speakers. This is attributed to the pre-
dominance of Western English expressions in the training data of
such models. Further analysis indicates that cultural background
is the primary factor influencing these variations, followed by
dominant economic status and language.

While language use is the most intuitive factor since language
models like ChatGPT are trained primarily on textual data, its
influence on simulation accuracy extends beyond mere linguistic
comprehension. Language, embedded with cultural and con-
textual nuances, serves as a conduit for conveying broader socio-
cultural and economic realities. Countries with higher economic
status often have more extensive digital footprints, as their
citizens are more likely to have internet access and contribute
content. This results in a larger and more diverse set of data from
these regions, enhancing the model’s ability to accurately simulate
scenarios and understand content specific to these areas.

Similarly, cultural norms, values, and context significantly
influence language usage and communication styles. Since
cultural expressions and contexts vary widely across the globe,
a dataset predominantly composed of content from Western
cultures can lead to a bias towards these cultures.

In conclusion, the effectiveness of language models like
ChatGPT in capturing global perspectives hinges on a triad of
factors: cultural depth, economic development, and language use.
These elements collectively shape the training data’s diversity and
representativeness, thereby impacting the model’s proficiency in
accurately mirroring and addressing global experiences. The
evident geographical disparities in model performance under-
score concerns about the universal applicability of LLMs in
diverse analytical contexts. This is particularly pronounced in
scenarios involving perspectives from non-western, economically
less developed, or non-English speaking regions, where repre-
sentation in training data is noticeably lacking. To enhance the
global applicability and reliability of ChatGPT in public opinion
analysis, it is necessary to diversify the training data and
incorporate more varied cultural, socio-economic, and linguistic
perspectives.

Demographic biases in AI simulations. The observed demo-
graphic disparities in ChatGPT’s simulations, particularly within
the United States, highlight a significant skew towards repre-
senting males, individuals with higher education, and those from
upper social classes. This uneven representation reflects a broader
issue of demographic bias in AI, mirroring the biases present in
human societies. Our findings align with recent studies that
underscore the challenges in using LLMs to simulate diverse
human survey responses. Liu et al. (2022) and Liang et al. (2021),
Alon-Barkat and Busuioc (2023), consistently show that GPT
models tend to overrepresent perspectives aligned with liberal,
higher-income, and well-educated demographics. Bisbee et al.
(2024) found that LLM-generated outputs often lack diversity and
exhibit more bias than actual survey data, particularly under-
representing minority opinions. Boelaert et al. (2024) introduce
the concept of ‘machine bias’ to illustrate how LLMs fail to
capture human population diversity, stemming from both train-
ing data and the models’ technical configurations.

This phenomenon of AI models reflecting human biases can be
attributed to the nature of their training data, which predomi-
nantly comes from sources where these demographic groups are
more active and visible (Chan, 2023). Since AI models learn from
existing data, they inadvertently perpetuate and amplify the biases
present in that data.

The presence of biases in AI becomes increasingly apparent
when examining the research topics we study. Our investigation
into environmental issues, typically regarded as neutral and less
divisive, still uncovers biases in AI simulations. This is
noteworthy, especially when compared to the common biases
observed in politically charged discussions. It underscores that AI
biases are not confined to highly contentious or polarized areas
like politics. Instead, they also permeate more universally relevant
topics, further emphasizing the widespread and deep-rooted
nature of these biases.

Such a pattern raises concerns about the AI model reinforcing
societal biases by amplifying the voices of already dominant
groups, potentially sidelining less-represented communities. The
tendency of ChatGPT to reflect existing societal structures and
biases in its outputs underlines critical issues in the inclusivity
and equity of AI tools in public opinion research. This calls for a
careful examination of AI integration in public opinion research,
ensuring diverse and balanced representation in AI-
generated data.

Table 5 Comparative analysis of response options.

Values
Considered

Cohen’s
Kappa

Cramer’s V Proportion
Agreement

4 Values 0.109 0.157 29.21%
2 Values 0.306 0.324 65.92%

This table contrasts the simulation accuracy between scenarios with four response options and
two response options. Simulations with two values show significantly higher accuracy across all
metrics compared to those with four values.
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Thematic Bias in AI. Our study also reveals distinct disparities in
ChatGPT’s accuracy regarding political versus environmental
issue simulations. The findings indicate that political behavior
predictions, even when based solely on demographic data, are
more accurate compared to environmental issue predictions. This
aligns with the research of Lee et al. (2023), suggesting that
political decision-making may be more straightforward and pre-
dictable based on demographics. In contrast, environmental
decision-making appears to involve more complex and diverse
factors beyond demographic indicators. Our study, however,
highlights the limitations of our dataset, particularly in the con-
text of political simulations. The gap in accuracy compared to
previous studies utilizing a broader range of covariates, such as
that of Argyle et al. (2023), underscores the importance of
comprehensive data for enhancing predictive accuracy.

Besides, our findings reveal ideological biases in ChatGPT’s
simulations, with a conservative bias in environmental scenarios
and a liberal inclination in political simulations, aligning with
Motoki et al.’s research (2024) on a left-leaning bias favoring the
Democrats in the U.S. The disparity in bias across different
thematic areas raises critical questions about the influences
shaping ChatGPT’s response patterns. It suggests that the model’s
training data might be imbued with ideological leanings,
impacting its outputs in topic-specific contexts. This is crucial
for researchers and practitioners using AI for public opinion
analysis, emphasizing the need to consider potential biases in AI-
generated simulations, especially in politically charged topics.

The study also shows that the complexity of choice options in
simulations impacts ChatGPT’s accuracy. With an increase in the
number of response options, the model’s alignment with expected
outcomes decreases. This observation is consistent with previous
research (Lee et al., 2023), emphasizing that AI models face
challenges in decision-making simulations with greater choice
complexity. This insight is crucial for designing and interpreting
AI-based simulations, suggesting a need for careful consideration
of choice quantity and structure to ensure fidelity in AI-generated
predictions.

More perspectives. Our analysis acknowledges multiple factors
influencing LLMs’ ability to simulate diverse perspectives accu-
rately. These include limited training data diversity, which may
bias the model towards overrepresented cultures; architectural
constraints that hinder nuanced cultural understanding; and the
critical role of prompt design in guiding output. Furthermore,
inherent biases within the data can skew the model’s repre-
sentations. In our study, we aimed to minimize external varia-
tions by consistently using the same ChatGPT model and
standardized prompts across different countries. This methodical
approach allowed us to conduct a comparative analysis with
reduced confounding factors, focusing on the influence of inter-
nal variables, particularly the training data. Our conclusions shed
light on the intrinsic factors that affect the performance of LLMs.
For future work, exploring the impact of further diversifying
training data and refining model architecture could provide
deeper insights into enhancing LLMs’ global perspective
representation.

LLMs have the potential to tailor their outputs to reflect the
nuances of specific countries through the incorporation of
country names in prompts. This capability stems from semantic
embeddings, which encode words and phrases, including country
names, into dense vectors capturing contextual meanings. When
a prompt includes a country, the model’s response aligns more
closely with the attitudes and perspectives associated with that
country. However, we observe that the effectiveness of this
country-specific alignment varies, largely depending on the

model’s exposure to relevant data. To explore this possibility,
we conducted an additional experiment using the political
election question. We used data from the United States (Wave
6) but modified the prompts to indicate that respondents were
from Japan. The resulting low values across Cohen’s Kappa,
Cramer’s V, and Proportion Agreement suggest that the LLM’s
responses are significantly influenced by the specified country
context (Appendix Table S4), supporting our observation that the
model can reflect variations in country contexts, but the extent of
this reflection depends on the model’s training data and the
specific country in question.

Additionally, to assess the temporal consistency of LLM
outputs, we compared the simulated responses using data from
the United States (Wave 7) in 2017 to those from Wave 6. Our
findings revealed consistent simulation accuracy across these time
periods, suggesting some degree of long-term viability in LLM-
generated responses. This observation aligns with research by
Argyle et al. (2023), who also found a high degree of
correspondence between reported two-party presidential vote
choice proportions from GPT-3 and ANES respondents. The
detailed results of these experiments are included in Appendix
Table S4.

Implications for policy and governance. The exploration of
ChatGPT’s potential as a supplementary tool for traditional
research methods in public policy requires consideration of the
risks and limitations illustrated in our study. The presence of
cultural, economic, linguistic, and demographic biases in LLM
simulations, such as those of ChatGPT, poses a significant chal-
lenge to equitable policy development. If policies are shaped by
biased AI simulations, they risk overlooking the needs and per-
spectives of diverse population segments, particularly in non-
English-speaking and culturally diverse regions. This can lead to
policies that inadvertently exacerbate existing inequalities.

More importantly, the use of LLMs to simulate public opinion
raises critical ethical concerns, particularly in terms of privacy
and potential misuse. As LLMs are trained on vast amounts of
data, including personal information shared online, there are
concerns about the privacy threats. To ensure the privacy rights
of individuals, LLMs must obtain and utilize data in an ethical
and responsible manner. Furthermore, the potential misuse of
LLM-generated public opinion simulations is a significant
concern. If these simulations are presented as genuine public
opinions without proper disclosure of their AI-generated nature,
they could be used to manipulate public discourse and decision-
making, leading to the spread of misinformation, the amplifica-
tion of biased perspectives, and the undermining of democratic
processes.

To mitigate these risks, it is crucial to prioritize inclusivity and
equity in AI development. Diversifying the training datasets to
encompass a wide range of languages, cultures, and demographic
backgrounds is essential to ensure that AI tools like ChatGPT can
accurately and fairly represent global public opinions. This
approach calls for a collaborative effort between developers and
researchers to identify and address inherent biases in AI models.
Such concerted efforts are vital to establish AI tools as reliable
and trustworthy aids in public policy formulation. Additionally,
the study underscores an ethical and social responsibility for AI
developers and users in public management. Utilizing AI in
governance requires a critical understanding of its limitations and
potential biases. Policymakers and researchers must be cautious
in interpreting AI-generated data, ensuring that it complements
rather than replaces traditional methods of public opinion
collection. Besides, it is essential to establish clear guidelines
and regulations for the use of LLMs in public opinion research,
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ensuring transparency, accountability, and the protection of
public interests. This responsible approach can enable the
effective harnessing of AI’s potential, leading to the formulation
of policies that are equitable, effective, and truly reflective of the
diverse spectrum of public opinions.

In summary, while ChatGPT offers promising avenues for
enhancing public policy research, its integration requires a
balanced, ethical, and inclusive approach to fully realize its
benefits while mitigating risks.

Limitations. Our study acknowledges three primary limitations.
The first limitation pertains to the temporal and contextual
relevance of our research. This is particularly significant given the
dynamic nature of public opinion and the continuous develop-
ment of AI technology. Previous research (Argyle et al., 2023) has
investigated the temporal capabilities of language models like
GPT-3, assessing their ability to maintain accuracy when ana-
lyzing data beyond their training scope. For example, Argyle et al.
(2023) examined the algorithmic fidelity of GPT-3 with data from
2020, which is beyond its training cutoff in 2019. Such analyses
are important as they evaluate the model’s performance over
time, providing insights into its long-term viability.

Our study, however, does not include this temporal analysis
due to our data limitations. The World Values Survey’s five-year
interval means we lack access to U.S. data post-2021, which
coincides with the training cut-off for ChatGPT’s Turbo-3.5.
Consequently, we cannot evaluate how ChatGPT’s simulation
accuracy evolves with fresh inputs from periods beyond its
training scope. Note that variations in the dataset’s timeframe and
model capability iterations may lead to differing experimental
outcomes. This limitation restricts our understanding of the
model’s adaptability to new developments and shifts in public
opinion that have occurred since the last dataset. However, such
variations do not detract from our core insights, because our
analysis is focused on comparing the relative efficiency of LLMs
in simulating country-specific perspectives. The resolution of this
limitation is dependent on the availability of updated survey data,
which would allow for a more comprehensive temporal analysis
and enhance the robustness of our findings.

The second limitation of our study is the focused analysis on a
single AI model, ChatGPT’s Turbo-3.5, rather than a comparative
evaluation across different models. While acknowledging that
each AI model has its own set of inherent biases (Dillion et al.,
2023), we concentrated on Turbo-3.5 to conduct an in-depth
examination of its reasoning processes. We aimed for an in-depth
exploration of this model’s capability to maintain consistency in
its outputs, rather than a broad but less detailed comparison
across multiple models. Given the scope and depth of this
analysis, comparing multiple models was outside our research
scope. However, the comparative study of various AI models,
including those with capabilities surpassing Turbo-3.5, represents
a significant opportunity for future research. Such comparative
analyses could enable the identification of model-specific biases
and idiosyncrasies, contributing to the knowledge of factors
influencing LLM performance in simulating public opinion across
diverse contexts.

The third limitation pertains to the limited covariate analysis.
While we incorporated several covariates in our research,
particularly in the environmental contexts, a more comprehensive
examination of the impact of additional covariates on LLM
performance would further strengthen our findings. As high-
lighted by Lee et al. (2023), integrating a broader array of
covariates, including psychological and social factors, could
notably refine the fidelity of AI simulations. This is especially
relevant in complex areas, where decision-making is influenced

by a wide range of factors beyond demographic indicators.
Unfortunately, due to limited covariate availability in our dataset,
we were unable to incorporate a broader range of covariates in the
analysis across different topics. To ensure comparability across
the six countries in our study, we selected only those questions
and their associated covariates that were consistently available for
all six countries. This constraint particularly affected the political
domain, where the relevant covariates were limited. Nevertheless,
given the primary focus of our study is on the relative
performance of LLMs in simulating public opinion, it does not
detract from our main contribution of identifying performance
disparities across countries and demographic groups. Future
research exploring a broader array of covariates to enhance the
predictive accuracy of LLMs could further improve both the
theoretical foundations and practical adoption of simulation
techniques in public opinion research.

Directions for future research. As discussed above, the limita-
tions of our study could be addressed by future research inves-
tigating the temporal capabilities of LLMs, conducting
comparative analyses across multiple LLMs, and identifying and
testing various influential covariates. Additionally, further
exploration is needed in other areas to enhance the effectiveness
and reliability of LLMs in this domain.

One critical aspect is expanding the global scope of LLM-based
public opinion simulation. The current study is limited to
comparison across six countries. Incorporating more countries
into future studies could provide deeper insights into optimizing
LLMs for public opinion analysis in different national contexts.
This expansion would allow for a more comprehensive under-
standing of how LLMs can be effectively tailored to diverse global
perspectives and settings, enhancing their applicability and
reliability in international contexts. By including a wider range
of countries with varying cultural, economic, and linguistic
backgrounds, researchers can uncover the nuances in LLM
performance across different regions and develop strategies to
mitigate potential biases and limitations.

Moreover, future research could explore thematic biases in
LLM simulations more extensively. While our study briefly
addresses these biases, a more in-depth analysis of how different
types of questions, such as factual, opinion-based, and hypothe-
tical questions, affect LLM performance would be beneficial. For
instance, researchers could investigate the potential of using
LLMs to generate hypothetical scenarios or counterfactuals,
enabling a deeper analysis of how public opinion might shift
under different circumstances. By comparing the simulation
accuracy across various question types and examining how the
inherent characteristics of each type influence the model’s ability
to generate accurate and contextually relevant responses,
researchers can better understand LLM performance across
different thematic domains. This knowledge would help identify
potential areas for improvement in the model’s training and
architecture, leading to more robust and reliable public opinion
simulations.

Conclusion
Using ChatGPT to generate silicon samples, this study under-
scores the potential of LLMs in enriching public opinion research
but also highlights the urgent need to address their limitations.
Our findings highlight that while LLMs show promise in repli-
cating public opinions, particularly in contexts like the United
States where the model’s training data is more robust, there are
notable limitations in its global applicability and reliability.
Moreover, our analysis within the United States uncovered unfair
representation of specific demographic groups. This disparity

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-03609-x ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |         (2024) 11:1095 | https://doi.org/10.1057/s41599-024-03609-x 11



suggests that current LLMs, including ChatGPT, may inherently
possess biases influenced by the demographic representation in
their training data. The underrepresentation or misrepresentation
of certain groups, especially marginalized communities, raises
concerns about the equitable use of LLMs in public opinion
research. Lastly, the study reveals that ChatGPT favors liberal
choices more in political than environmental simulations, that its
simulation accuracy is higher for political behaviors than complex
environmental decisions, and that increased choice complexity
reduces the model’s simulation accuracy. These findings highlight
the importance of addressing inherent biases and the incor-
poration of more diversified training materials in AI models for
reliable application across various topics and countries.

In conclusion, this study underscores the potential of LLMs in
enriching public opinion research but also highlights the urgent
need to address their limitations. For LLMs to be effectively and
equitably utilized in public management and policy formulation,
it is imperative to enhance their cultural and linguistic diversity,
mitigate inherent biases, and ensure the ethical and responsible
use of the training data and opinion simulation. Future research
should focus on improving the representativeness of training
datasets, enriching the covariate and thematic analysis, and
developing methodologies to assess and reduce biases in LLM
simulations. The goal is to ensure that the insights derived from
such AI tools are inclusive, equitable, and truly reflective of the
diverse tapestry of global public opinions.

Data availability
The datasets generated during and/or analysed during the current
study are available from the corresponding author on reasonable
request.
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