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Abstract

Recent studies evaluate the value orientation of
large language models (LLMs) using adapted
social surveys, typically by prompting mod-
els with survey questions and comparing their
responses to average human responses. This
paper identifies limitations in this methodology
that, depending on the exact setup, can lead
to both underestimating and overestimating
the similarity of value orientation. Using the
World Value Survey in three languages across
five countries, we demonstrate that prompting
methods (direct vs. chain-of-thought) and de-
coding strategies (greedy vs. sampling) sig-
nificantly affect results. To assess the interac-
tion between answers, we introduce a novel
metric, self-correlation distance. This metric
measures whether LLMs maintain consistent
relationships between answers across differ-
ent questions, as humans do. This indicates
that even a high average agreement with hu-
man data, when considering LLM responses
independently, does not guarantee structural
alignment in responses. Additionally, we re-
veal a weak correlation between two common
evaluation metrics, mean-squared distance and
KL divergence, which assume that survey an-
swers are independent of each other. For fu-
ture research, we recommend CoT prompting,
sampling-based decoding with dozens of sam-
ples, and robust analysis using multiple metrics,
including self-correlation distance.

1 Introduction
Evaluating the values expressed in texts generated by
Large Language Models (LLMs) is crucial for shaping
public perception, informing policy, and ensuring the
ethical use of AI. A common evaluation method involves
prompting LLMs with questions from standardized sur-
veys and comparing their responses to human answers
or calibrated scores (see Table 1 for a comprehensive
list of related work).

This approach has been criticized for its inconsis-
tency with open-ended generation (Wright et al., 2024)
and sensitivity to prompt formulation (Röttger et al.,
2024; Motoki et al., 2024). We address a related issue:
the reliability of measuring similarity between model

and human responses, particularly in how answers to
different questions correlate with one another.

We examine this framework using (1) direct vs.
Chain-of-Thought (CoT) prompting, (2) greedy decod-
ing vs. nucleus sampling, and (3) three similarity met-
rics: mean squared difference, KL divergence, and our
novel self-correlation distance. Unlike previous metrics
that estimate average alignment by treating survey ques-
tions in isolation, our metric accounts for interactions
among survey answers.

Using LLaMA 3, Mistral 2, EuroLLM, and Qwen 2.5,
we compare model responses in the World Value Sur-
vey (WVS; Haerpfer et al., 2020) with opinions from
selected countries. We find that choices in prompting,
decoding, and metrics yield different conclusions. For
example, greedy decoding deviates from typical results
obtained with nucleus sampling, while short categori-
cal answers underestimate alignment compared to CoT
prompting. The self-correlation distance indicates that,
despite a high average alignment with survey data, dif-
ferent correlation patterns reveal potential overgeneral-
ization. Metrics that treat answers independently can
thus overestimate alignment.

In this paper, we first review studies that compare
LLM-generated answers with population survey re-
sponses (Section 2). We then describe our experiments
(Section 3), including the models we use, the prompts
we employ, and the inference algorithm we employ. We
describe the metrics we use, including the newly intro-
duced self-correlation distance. Section 4 presents the
results, and Section 5 concludes the paper.

2 LLMs and Surveys

Many studies examine the values encoded in language
models, focusing on moral, cultural, and political bi-
ases. These often rely on surveys designed for human
respondents (see Table 1). They cover topics ranging
from general ethics to specific domains, such as politi-
cal ideologies (Feng et al., 2023), autonomous vehicle
ethics (Vida et al., 2024), and religious values (Liu et al.,
2024).

Model responses are typically evaluated using two
approaches: (1) evaluation keys, as in frameworks like
the Political Compass or Moral Foundations Question-
naire (Graham et al., 2011; MFQ), or (2) comparisons
with human population data.

Most studies prompt models to produce categorical
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Gold survey data
Open-
source
models

Per-
sona

Decoding
(# samples)

Cate-
gorial
output

Compa-
rison w/
humans

Santurkar et al. (2023) Custom No Yes Logits Yes WD
Cao et al. (2023) Hofstede (1984) No No Sampling (1) Yes Accuracy
Feng et al. (2023) Political compass Yes No 10-best tokens No —
Olmedo et al. (2023) Mather et al. (2005) Yes No Logits Yes KL
Scherrer et al. (2023) Custom Yes No Full samp. (5/10) No —
Sanders et al. (2023) Custom No Yes Sampling? (100) Yes WD
Benkler et al. (2023) WVS No Yes Nucleus samp. (1) No —
Tao et al. (2024) WVS, EVS No Yes Greedy Yes MSD
Durmus et al. (2024) Custom No Yes Logits Yes JSD
Ceron et al. (2024) Custom Yes Yes Nucleus samp. (30) Yes —
Nunes et al. (2024) MFQ, MFV Yes No Sampling? (1) Yes —
Vida et al. (2024) Awad et al. (2018) Yes No Sampling? (1) Yes Accuracy
Xu et al. (2024) WVS Yes Yes Nucleus samp. (1) Yes Norm. MSD
Liu et al. (2024) Center (2018) Yes No Greedy Yes —
Kim and Baek (2024) WVS Yes No Logits Yes Pearson
Aksoy (2024) MFQ Yes No Sampling? (100) Yes —
Shen et al. (2024) Schwartz (1992) Yes No Sampling? (10) Yes L1
Sukiennik et al. (2025) Hofstede (1984) Yes No Greedy Yes Norm. L1
Qu and Wang (2024) WVS No Yes Sampling (100) Yes MSD
Kazemi et al. (2024) WVS No No Not specified Yes Accuracy
Rupprecht et al. (2025) WVS Yes No Logits Yes Accuracy
Gurgurov et al. (2025) Political compass Yes No Nucleus sampling (1) Yes —
Bulté and Rigouts (2025) (Hofstede, 1984) + WVS Yes No Nucleus sampling (6) Yes Accuracy
Costa et al. (2025) MFQ Yes Yes Sampling? (1) Yes —
Atari et al. (2023) WVS No No Sampling? (100) Yes Fixation ind.

Gold survey data: WVS = World Value Survey (Haerpfer et al., 2020), EVS = European Value Study (EVS, 2022),
MFQ = Moral Foundation Questionnaire (Graham et al., 2011), MFV = Moral Foundation Vignettes (Clifford et al., 2015)

Comparison methods: WD = Wasserstein Distance, Acc. = Accuracy, KL = Kullback-Leibler Divergence,
JSD = Jensen-Shannon Distance, MSD = Mean Squared Difference

Table 1: Overview of publications using standardized surveys to evaluate values in LLMs.

answers, such as selecting an option or providing a
score. These responses are compared to population data
using metrics like KL Divergence (Olmedo et al., 2023),
Jensen-Shannon Divergence (Durmus et al., 2024), or
Wasserstein Distance (Santurkar et al., 2023; Sanders
et al., 2023). However, these methods often focus on
single-token generation, which limits their generaliza-
tion to longer text samples. Some evaluations use greedy
decoding or a single sampled response, with sampling
details often unspecified. Persona probing (i.e., speci-
fying demographic traits for models to emulate) is also
common but typically focuses on English outputs, leav-
ing biases in other languages underexplored.

Several recent studies have extended survey-based
evaluation methodologies. Sukiennik et al. (2025) con-
ducted the first large-scale evaluation of cultural align-
ment across 20 countries and 10 LLMs, using Hofst-
ede’s Cultural Values Questionnaire. The results found
that models generally represent a moderate cultural mid-
dle ground, with the United States showing the best
alignment. Qu and Wang (2024) used WVS data to eval-
uate ChatGPT’s public opinion simulation capabilities,
revealing significant performance disparities favoring
Western, English-speaking nations and demographic bi-
ases across gender, ethnicity, and social class. Kazemi
et al. (2024) demonstrated that 44% of GPT-4o’s ability
to reflect societal values correlates with digital resource

availability in a society’s primary language, with error
rates in low-resource languages exceeding those in high-
resource languages by a factor of five. Most recently,
Rupprecht et al. (2025) extended bias research in LLM
survey responses using WVS data, testing perturbations
in answer and question phrasing across multiple models
and finding significant sensitivity to prompt variations
that mirror human response biases.

Röttger et al. (2024); Wang et al. (2024) and Moore
et al. (2024) highlight how prompt formulations, such
as multiple-choice setups, significantly influence model
outputs and score robustness. While their work exam-
ines the robustness of the prompt with respect to evalu-
ation keys (such as the Political Compass), it does not
address the methodological aspects of comparing model
outputs to population survey data. Also, as far as we
know, all previous work treats survey responses as inde-
pendent and disregards correlations between questions,
an issue we address by introducing the self-correlation
distance.

Previous work also evaluated generation consistency
(Kumar and Joshi, 2022; Bonagiri et al., 2024). How-
ever, it focuses on cases with a well-specified ground
truth. We are interested in a slightly different type of
consistency: Statements like people who tend to say A,
also tend to say B to some extent. In this paper, we
introduce a metric to measure the extent to which LLMs
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capture these tendencies, independent of the actual con-
tent.

Recent work has also examined cultural adaptation
methods using survey data. Adilazuarda et al. (2025)
found that WVS-based training can lead to cultural ho-
mogenization and undermine factual knowledge, and
introduced a cultural distinctiveness metric that comple-
ments existing evaluation approaches. Their findings
that survey data alone may be insufficient for cultural
adaptation align with our observations about the limita-
tions of current evaluation methodologies.

3 Experiments

Following several previous studies (Benkler et al., 2023;
Tao et al., 2024; Kim and Baek, 2024), we prompt LLMs
with World Value Survey (Round 7, version 5.0) ques-
tions and compare their answers with human data using
three evaluation methods. WVS is a global research
project that has comprehensively explored people’s val-
ues and beliefs since 1981. The World Value Survey
covers 55 countries and 80 languages, making it likely
the most comprehensive standardized resource for com-
paring values in LLM outputs with the human popula-
tion across languages and cultures. In this work, we
focus on evaluation metrics and conduct experiments
only on a small subset.

As in related work, we simulate the survey using an
LLM and compare the results with those obtained from
the human population in the respective countries. Since
the answers to all questions are integers, depending on
the evaluation metric, we either use the average answers
or the categorical distributions of answers as the ground
truth for comparison. For the correlation study, we
use responses from individual respondents and compute
how responses to individual questions correlate with
each other.

The source code to replicate the experiments
is available at https://github.com/jlibovicky/
llm-survey-eval.

3.1 Model Prompting

Questionnaire design. WVS is not a self-assessment
questionnaire. Interlocutors interview the subjects and,
based on their answers, record integer scores for each
question, most often on a scale from 1 to 10, indicating
the extent to which they agree with a statement.

We use general, non-personalized formulations of
the questions, i.e., we exclude questions about income,
health, or personal experiences, which would likely be
rejected by the models. We reformulated the questions
to contain more general, non-personal statements (e.g.,
replacing “your life” with “human life”) to further re-
duce rejections. After excluding questions that were
not in all language versions, 143 prompts remained.
Prompts were created in English, machine-translated
into German and Czech using Google Translate, and
then manually post-edited with reference to official
WVS translations by native speakers. The question-

naire was administered in a single conversation session
to allow evaluation of answer consistency (see examples
in Appendix A).

Scores vs. Chain-of-Thought. We compare two
prompt types: direct numeric answers and chain-of-
thought prompts (Wei et al., 2022), where justification
precedes the answer. We posit that chain-of-thought is
closer to real-world LLM use, as chat-like user interac-
tions typically involve longer generations than a single
categorical output, e.g., in interactive sessions.

Greedy vs. Sampling. Studies often use greedy de-
coding for its efficiency and for producing a determinis-
tic output. It approximates the most probable sequence
but may not yield typical responses, as the probability
mass is distributed across similar sequences (Eikema
and Aziz, 2020; Wiher et al., 2022). Because of this, and
since sampling is more common in practice, we com-
pare greedy decoding with nucleus sampling (nucleus
0.9, temperature 0.7), including an estimation of how
many samples are needed to obtain a stable result for the
given metrics. Following Andreas (2022), who argues
that language models should be treated as ensembles of
different multiple agents, and Lederman and Mahowald
(2024), who argue that language models are compressed
libraries, we assume that sampling one conversation
session might correspond to one agent within the lan-
guage model in the agent metaphor and retrieving one
set of world knowledge from the library in the library
metaphor. Therefore, we treat the conversation sessions
as comparable to individual respondents in the survey.

3.2 Evaluation

We evaluate model outputs against data from the USA,
UK, Czechia, and Germany, where the prompt lan-
guages are spoken. Iran and China are included as
culturally distinct cases, a sanity check for metric val-
idation.1 Based on the results of previous studies, we
expect that due to the prevalence of English data, mod-
els will tend to better align with Western countries. We
use three metrics: Mean Squared Difference (MSD),
Kullback-Leibler Divergence (KLD), and a novel self-
correlation distance.

Models. We use four instruction-tuned models:
LLaMA 3 8B Instruct (Dubey et al., 2024) and Mis-
tral v0.1 7B Instruct (Jiang et al., 2023), EuroLLM 9B
Instruct (Martins et al., 2024), and Qwen 2.5 7B Instruct
(Yang et al., 2024). This selection includes both general-
purpose models (LLaMA 3 from the USA, Mistral from
France) and models with specific regional focuses (Eu-
roLLM for European languages, Qwen developed in
China for multilingual applications), allowing us to ex-
amine how model design influences value alignment
across cultures.

1The number of WVS participants in the respective coun-
tries was: USA: 2,596, UK: 2,609, Czechia: 1,200, Germany:
1,528, Iran: 1,499, China: 3,036.
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Mean Square Difference. Most WVS questions have
numerical answers on a 1-to-10 scale or lower. We scale
the answer to the 0–1 interval, compute the squared
differences between the scores sampled from the model
and human population averages, and average them over
all questions.

KL Divergence. We treat the model and human an-
swers as categorical distributions. For the model outputs,
we normalize the distribution over model runs. For the
survey data, we normalize over the participants. We
compute the Kullback-Leibler divergence between the
sampled model answer distribution and the distribution
of answers in the human population.

Self-Correlation Distance. The previous metrics fail
to account for the fact that questionnaire responses often
correlate with one another due to underlying consistency
in values and opinions, yet all questions are treated as
conditionally independent. This assumption is not real-
istic. Value opinions often come in bundles and follow
patterns that may differ across various societies. Simple
examples might include people who believe that religion
should play a stronger role in society being more likely
to say that mothers of young children should stay at
home with their children, or that individuals concerned
about social justice are often also concerned about the
environment. These correlations between individual
respondents’ answers capture second-order patterns, re-
lationships between answers, that are not apparent when
comparing individual answers alone, as with MSE or
KL-Divergence.

To analyze this, we compute self-correlation matrices
that measure the Pearson correlation between all pairs
of questionnaire responses. In the survey data, we cal-
culate the correlation between responses to individual
questions across participants. In the LLM case, we cal-
culate the correlation between answers across model
runs. This gives a matrix with all question pairs. Using
the Frobenius norm, we quantify how internally consis-
tent or “principled” the answers are. High norm means
that the absolute value of the correlations tends to be
high, whereas a norm close to zero means that questions
in the survey are more independent of each other.

Additionally, we compare the self-correlation ma-
trices of model outputs and human responses using
the Frobenius norm. This metric allows us to eval-
uate whether the underlying structure of the answers
aligns between models and humans, going beyond sim-
ple agreement on individual responses taken indepen-
dently.

4 Results

Comparing MSD, KLD, and self-correlation dis-
tance. The results comparing model responses to hu-
man surveys are presented in Table 2 for the USA, with
additional results for other countries and languages pro-
vided in Table 6 in the Appendix. Within languages and
countries, results follow similar trends across setups.

To interpret our results, we first establish baseline
values from human populations. Country-level compar-
isons in the WVS yield MSD values ranging from 0.009
(USA-UK) to 0.069 (Germany-Iran), with Western coun-
tries showing differences of 0.009–0.024 (see Table 7
in the Appendix). KLD between countries ranges from
0.07 (USA-UK) to 0.44 (Germany-Iran), with Western
countries showing 0.07–0.22. Self-correlation distances
between human populations range from 0.64 (China-
Iran) to 0.95 (USA-Iran), with typical values between
0.79 and 0.92.

Using MSD and KLD metrics, which treat answers
independently, we observe substantial variation across
prompting and decoding strategies. With CoT prompt-
ing and sampling, Mistral 2 achieves remarkably low
MSD (0.022) and KLD (0.26) for USA data, compara-
ble to differences between Western countries. However,
the same model with greedy decoding and CoT prompt-
ing shows drastically worse alignment (MSD=0.188),
exceeding even USA-Iran differences. LLaMA 3 shows
more moderate values (MSD=0.059, KLD=1.47 for
CoT+Sampling), falling between Western and cross-
cultural differences. EuroLLM exhibits the poorest
alignment with direct prompting and greedy decoding
(MSD=0.165–0.284), though sampling decreases the
distance between model and population substantially.
Qwen demonstrates relatively stable performance across
setups (MSD=0.041–0.199).

The self-correlation distance metric reveals a para-
dox: setups that achieve the best surface-level align-
ment often exhibit the poorest structural alignment.
Mistral 2, with CoT and sampling, despite having the
lowest MSD (0.022) and KLD (0.26), exhibits a self-
correlation distance of 1.62, which is far greater than
the distances between any human populations (0.64–
0.95). Its correlation norm (2.80) is also substantially
higher than human values (∼1.66), which indicates
overly rigid response patterns. In contrast, LLaMA 3
with the same setup shows better structural alignment
(self-correlation distance=1.29, correlation norm=1.70)
despite worse surface metrics (MSD=0.059, KLD=1.47).
Qwen, with score-only prompts and sampling, produces
the most structured responses (correlation norm=3.33,
self-correlation distance=2.13) with an even greater de-
parture from human response variability.

Across all models and prompting strategies, greedy
decoding consistently underestimates alignment when
measured with MSD. For instance, comparing LLaMA 3
with score-only prompts, greedy decoding yields
MSD=0.098, versus 0.073 with sampling, roughly a one-
third increase. The disparity is even more pronounced
for KLD, where sampling values are often 2–3× higher
than greedy decoding, indicating that greedy decoding
captures only a narrow slice of the probability distribu-
tion reachable by common decoding algorithms.

The effect of CoT prompting varies across models
and decoding strategies. For LLaMA 3 with sampling,
CoT improves alignment (MSD decreases from 0.073
to 0.059). For Mistral 2 with sampling, CoT dramat-
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M
od

el Prompt
type

De-
co-
de

MSD KLD Corr.
norm

Self-
corr.
dist.

L
L

aM
A

3 Score
only

Gr. .098 1.71
Spl. .073 2.99 0.90 1.26

CoT Gr. .088 1.68
Spl. .059 1.47 1.70 1.29

M
is

tr
al

2 Score
only

Gr. .094 1.80
Spl. .041 0.77 1.77 1.17

CoT Gr. .188 1.95
Spl. .022 0.26 2.80 1.62

E
ur

oL
L

M Score
only

Gr. .165 1.91
Spl. .059 0.72 2.55 1.56

CoT Gr. .130 1.76
Spl. .125 0.97 2.97 1.74

Q
w

en

Score
only

Gr. .082 1.66
Spl. .074 1.27 3.33 2.13

CoT Gr. .199 1.60
Spl. .062 1.13 1.52 1.25

Table 2: A comparison of model outputs with differ-
ent prompting strategies (Score-only, CoT: Chain of
Thought), decoding method (Gr.: greedy, Spl.: sam-
pling). For other countries and languages, see Table 6
in the Appendix.

MSD KLD CorrD

MSD — .465 -.389
KLD .717 — -.083
CorrD -.374 -.064 —

Table 3: Correlation of the metrics (Pearson above the
diagonal, Spearman under the diagonal) for both models
over all languages and countries.

ically improves both MSD (0.041→0.022) and KLD
(0.77→0.26). However, with greedy decoding, CoT can
worsen results: Mistral 2’s MSD increases from 0.094
to 0.188. This suggests that CoT prompting is beneficial
primarily when combined with sampling-based decod-
ing, likely because it provides more stable generation
that better leverages the sampling strategy.

Table 3 shows moderate overall correlation between
MSD and KLD (Pearson=0.465, Spearman=0.717), but
Table 5 reveals this masks dramatic model-specific dif-
ferences. Mistral 2 shows a very strong correlation
(Pearson=0.832, Spearman=0.925), meaning MSD and
KLD largely agree on what constitutes good alignment
for this model. LLaMA 3, however, shows weak cor-
relation (Pearson=0.276, Spearman=0.389), indicating
that these metrics measure somewhat different aspects
of value alignment for this model. Critically, self-
correlation distance is negatively correlated with both
MSD (Pearson=−0.389) and KLD (Pearson=−0.083),
confirming that surface-level and structural alignment
are different, and sometimes opposing, qualities.

M
od

el Prompt
type

Deco-
de MSD KLD

Self-
corr.
dist.

L
L

aM
A

3 Score
only

Gr. -.19 .18 -.07 .21
Spl. -.08 .24 .08 .24 .02 -.25

CoT Gr. -.12 .26 -.29 .21
Spl. -.03 .34 -.17 .12 -.12 -.28

M
is

tr
al

2 Score
only

Gr. .26 .23 .25 .36
Spl. .01 .33 -.08 .17 .07 .01

CoT Gr. -.16 .08 -.01 .13
Spl. .24 .26 .21 .20 .19 .21

E
ur

oL
L

M Score
only

Gr. .37 .16 .30 .08
Spl. .24 -.01 .18 .07 .02 .03

CoT Gr. .28 .12 -.18 -.16
Spl. .07 -.26 .15 -.15 -.17 -.00

Q
w

en

Score
only

Gr. .46 .45 -.20 -.07
Spl. -.26 -.00 -.14 .03 -.17 -.15

CoT Gr. -.12 .11 -.10 .03
Spl. -.05 .28 -.12 .09 .03 -.16

Color scale from -.3 through 0 to .3

Table 4: Point-Biserial Correlation of the alignment
metrics with matching country and language as a binary
indicator variable. The left part shows the correlation
only within Western countries; the right part also in-
cludes Iran and China.

Cross-lingual and cross-cultural patterns. Table 4
summarizes how language-country matching affects
alignment metrics. The correlations are generally weak,
but patterns emerge when culturally distant countries
(Iran and China) are included. Most models exhibit
positive correlations between matching conditions and
alignment metrics, suggesting that prompts in English,
Czech, and German align more closely with Western
surveys than with those from Iran or China. How-
ever, the strength of this effect varies: EuroLLM shows
the strongest language-country matching effects (up
to 0.37), likely reflecting its European-centric training,
while Qwen exhibits more uniform performance across
language-country combinations, consistent with its mul-
tilingual design.

Notably, the correlation patterns differ substantially
across prompting and decoding strategies. Mistral 2
with CoT prompting and nucleus sampling shows the
most consistent positive correlations with both language
matching (0.24 for MSD, 0.21 for KLD) and the in-
clusion of distant cultures (0.26 for MSD, 0.20 for
KLD). This suggests that this setup not only achieves the
best average alignment but also shows more predictable
cross-cultural patterns.

Self-correlation patterns. Figure 1 visualizes the self-
correlation matrices, revealing systematic differences
in how models structure their responses compared to
humans. The visualization shows three major patterns:
(1) Block diagonal structures indicate question clusters
with strong internal correlations. (2) The intensity of col-
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Figure 1: Correlation patterns between human answers
in the USA (under the diagonal) and between answers
of the LLaMA 3 and Mistral 2 models in English (above
the diagonal).

ors shows correlation strength: models produce darker,
more saturated colors than humans. (3) Off-diagonal
patterns reveal how different value domains relate; mod-
els show simpler, more predictable patterns than the
human answers.

All models show overly consistent responses in sec-
tions about cultural identity and national pride (visible
as darker red blocks along the diagonal). Mistral 2 dis-
plays particularly strong self-correlation in questions
about social and political attitudes, far exceeding human
patterns. These visualizations confirm that, while mod-
els may match human averages on individual questions,
their internal response structures systematically diverge
from human response patterns.

The quantitative self-correlation distances reinforce
this finding: model-to-human distances (1.1–2.1 across
setups) consistently exceed human-to-human distances
(0.64–0.95), indicating that all tested models impose
more rigid correlation structures than exist in human
populations. This suggests that models generate “princi-
pled” but overly simplistic response patterns, potentially
missing the nuanced and sometimes inconsistent nature
of human value systems.

Number of sampled responses. Figure 2 demon-
strates how metric estimates stabilize with increasing
sample size. For MSD, approximately 100 samples
are needed for stable estimates, with values converg-
ing to within 0.005 of the final estimate. KLD requires
more samples, several hundred for full stability. CoT
prompting produces more stable estimates with fewer
samples compared to direct prompts, likely because the
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Figure 2: Mean-squared difference and KL-divergence
of LLaMA 3 answers when compared to the USA data
of the World Value Survey. It compares the greedy
decoding and sampling from the model.

reasoning process provides additional structure that re-
duces sampling variance. Importantly, greedy decoding
produces estimates that deviate significantly from the
sampling-based norm across both metrics and all sample
sizes. This confirms that greedy decoding systematically
misestimates both average alignment and response dis-
tributions. Most prior studies (Table 1) used far fewer
samples (typically 1–10), suggesting their conclusions
may have differed substantially with more comprehen-
sive sampling, particularly for KLD estimates.

Model-specific behaviors. The four tested models
show distinct patterns. Mistral 2 achieves the best
surface-level scores but at the cost of the highest struc-
tural rigidity, suggesting it may be overfitting to typical
responses. LLaMA 3 shows the most balanced profile
across metrics. EuroLLM’s strong language-matching
effects (correlation of up to 0.37) reflect its European-
centric training data. Qwen, despite being developed
in China, shows relatively uniform cross-lingual perfor-
mance but produces highly structured responses (corre-
lation norms up to 3.33).

5 Conclusions

This study examined the impact of decoding strate-
gies and evaluation metrics on comparisons of LLM
responses to population survey data, using the World
Value Survey as a case study across three languages and
six countries.

We found that setups closely mirroring real-world
LLM usage, specifically, Chain-of-Thought prompting
with sampling-based decoding, achieve the best align-
ment with survey data. Prior work relying on direct
prompts and greedy decoding may underestimate
average alignment when evaluating answers inde-
pendently.

To address gaps in current evaluations, we introduced
the self-correlation distance, a novel metric that captures
consistency and interaction between answers. Unlike
traditional metrics such as MSD and KL Divergence,
the self-correlation distance showed that high scores in
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some setups indicate a lower diversity of responses than
in the human population. The high average numbers are
achieved at the cost of generating typical cases, result-
ing in overly structured responses rather than an accu-
rate reflection of survey variability, especially in social
and political topics. This shows that metrics treating
answers independently overestimate the alignment.
Discrepancies between metrics, such as LLaMA 3’s low
correlation between MSD and KLD (Pearson=0.276),
underscore the importance of multi-metric evaluations.

For future research, we recommend using CoT
prompting, nucleus sampling with at least 100 samples
to achieve stable estimates, and a multi-metric approach
that incorporates our proposed self-correlation distance
to capture both surface-level and structural alignment.

Limitations

The assumption behind all surveys is that the answers
provided by the survey subjects reflect their actual be-
havior in the real world. For example, a man might
claim that he believes men should do a fair share of
invisible household labor and will vote for parties with
a compatible election program. With LLMs, there is
no such guarantee. LLMs might advocate for certain
values when prompted to generate text directly related
to those values, but still generate texts with underlying
values that do not align with the survey answer. We do
not challenge this assumption in this paper. We are not
aware of any existing methodology that would approach
this challenge.

Comparing answers across countries based on answer
distributions is a simplifying assumption. Demographic
factors other than nationality, such as age or economic
status, may also play a role. This study used cross-
country distributions to gain insights into LLM evalua-
tion, rather than making claims about LLMs being more
representative of certain countries than others. Such
claims would require a more detailed methodology.

The primary objective of this study was to compare
metrics; therefore, we included only a few variables that
could influence the model’s behavior. It is possible that
different prompt formulations and question order in the
questionnaire may also yield slightly different results.
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A Example of Prompt Formulation

Question 1: Direct Prompt

English: For each of the following, indicate how im-
portant it is in human life. 1 is very important, 4 is not
important at all. Say a number from 1 to 4 and nothing
else. Family.

German: Geben Sie für jeden der folgenden Punkte
an, wie wichtig er im menschlichen Leben ist. 1 ist sehr
wichtig, 4 ist überhaupt nicht wichtig. Nennen Sie die
Zahl von 1 bis 4 und sonst nichts. Familie.

Czech: U každé z následujı́cı́ch označte, jak je
důležitá v lidském životě. 1 je velmi důležitá, 4 nenı́
vůbec důležitá. Napiš čı́slo od 1 do 4 a nic jiného. Rod-
ina.

Question 1: CoT Prompt

English: For each of the following, indicate how im-
portant it is in human life. 1 is very important, 4 is not
important at all. First, provide a step-by-step justifica-
tion, and finally, say the number from 1 to 4 and nothing
else. Family.

German: Geben Sie für jeden der folgenden Punkte
an, wie wichtig er im menschlichen Leben ist. 1 ist
sehr wichtig, 4 ist überhaupt nicht wichtig. Geben Sie
zunächst eine schrittweise Begründung an und nennen
Sie abschließend die Zahl von 1 bis 4 und sonst nichts.
Familie.

Czech: U každé z následujı́cı́ch označte, jak je
důležitá v lidském životě. 1 je velmi důležitá, 4 nenı́
vůbec důležitá. Nejprve napiš zdůvodněnı́ krok za
krokem a nakonec napiš čı́slo od 1 do 4 a nic jiného.
Rodina.

Question 41: Direct Prompt

English: For the following statement, tell me how much
agreeable it is. 1 is strongly agree 3 is neutral, 5 is
strongly disagree. Say a number from 1 to 5 and nothing
else. Work should always come first, even if it means
less spare time.

German: Sagen Sie mir, wie sehr kann man der fol-
genden Aussage zustimmen. 1 bedeutet völlige Zustim-
mung, 3 bedeutet neutral, 5 bedeutet überhaupt keine
Zustimmung. Nennen Sie eine Zahl von 1 und 5 und
sonst nichts. Die Arbeit sollte immer an erster Stelle
stehen, auch wenn dies weniger Freizeit bedeutet.

Czech: U následujı́cı́ tvrzenı́ uveď, jak moc s nı́m lze
souhlasit. 1 úplný souhlas, 3 je neutrálnı́, 5 naprostý
nesouhlas. Napiš čı́slo od 1 do 5 a nic jiného. Práce

by měla být vždy na prvnı́m mı́stě, i když to znamená
méně volného času.

Question 41: CoT Prompt
English: For the following statement, tell me how much
agreeable it is. 1 is strongly agree 3 is neutral, 5 is
strongly disagree. First provide a step-by-step justifica-
tion and finally say a number from 1 to 5 and nothing
else. Work should always come first, even if it means
less spare time.

German: Sagen Sie mir, wie sehr kann man der fol-
genden Aussage zustimmen. 1 bedeutet völlige Zustim-
mung, 3 bedeutet neutral, 5 bedeutet überhaupt keine
Zustimmung. Geben Sie zunächst eine schrittweise
Begründung an und nennen Sie abschließend eine Zahl
von 1 und 5 und sonst nichts. Die Arbeit sollte immer
an erster Stelle stehen, auch wenn dies weniger Freizeit
bedeutet.

Czech: U následujı́cı́ tvrzenı́ uveď, jak moc s nı́m lze
souhlasit. 1 úplný souhlas, 3 je neutrálnı́, 5 naprostý
nesouhlas. Nejprve napiš zdůvodněnı́ krok za krokem
a nakonec napiš čı́slo od 1 do 5 a nic jiného. Práce by
měla být vždy na prvnı́m mı́stě, i když to znamená méně
volného času.

B Detailed Multilingual Results
Here, we present the MSD, KL Divergence, Correlation
norm, and Self-correlation distance for all combinations
of languages (English: en, German: de, Czech: cs)
and all countries (United States: USA, United King-
dom: GBR, Czechia: CZE, Germany: DEU, Iran: IRN,
China: CHN) in Table 7. Table 2 is a subset of this
table. Table 4 with point-biserial correlation of country-
language matching and evaluation metrics and Table 3
are computed from numbers in Table 7. Table 5 shows
the metric correlation separately from LLaMA 3 and
Mistral 2.

Table 7 shows country comparison using the data
from WVS with the metrics that we use in the paper. In
the paper, we occasionally compare the model alignment
to differences between countries. For this, we use data
from this table.
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MSD KLD CorrD

MSD — .276 -.368
KLD .389 — -.064
CorrD -.342 -.005 —

(a) LLaMA 3

MSD KLD CorrD

MSD — .832 -.657
KLD .925 — -.500
CorrD -.666 -.526 —

(b) Mistral 2

MSD KLD CorrD

MSD — .691 .279
KLD .724 — .251
CorrD .328 .271 —

(c) EuroLLM

MSD KLD CorrD

MSD — .617 .120
KLD .656 — .495
CorrD .009 .396 —

(d) Qwen 2.5

Table 5: Breakdown of correlation of the metrics (Pearson above the diagonal, Spearman under the diagonal) over
all languages and countries for (a) LLaMA 3, (b) Mistral 2, (c) EuroLLM, and (d) Qwen 2.5

M
od

el Prompt
type

De-
co-
de

L
ng

Mean Sq. Difference KL Divergence Corr.
norm

Self-correlation distance

USA GBR CZE DEU IRN CHN USA GBR CZE DEU IRN CHN USA GBR CZE DEU IRN CHN

L
L

aM
A

3

Score
only

Gr.
en .098 .098 .110 .096 .115 .102 1.71 1.66 1.74 1.67 1.81 1.70
de .084 .076 .103 .079 .132 .112 1.65 1.56 1.70 1.62 1.93 1.85
cs .086 .071 .110 .077 .145 .119 1.56 1.41 1.64 1.41 1.83 1.69

Spl.
en .073 .073 .083 .073 .090 .083 2.99 2.90 3.26 2.81 3.43 3.23 0.90 1.26 1.20 1.17 0.95 0.96 0.93
de .084 .073 .099 .079 .127 .114 3.58 3.33 3.76 3.30 4.14 3.79 0.67 1.31 1.25 1.24 1.01 0.99 1.01
cs .067 .047 .080 .057 .114 .105 2.90 2.49 3.05 2.46 3.52 3.04 0.78 1.26 1.20 1.20 0.96 0.94 0.95

CoT

Gr.
en .088 .083 .112 .090 .152 .133 1.68 1.57 1.73 1.63 2.01 1.89
de .085 .072 .104 .080 .134 .117 1.61 1.47 1.69 1.55 1.96 1.82
cs .071 .060 .089 .068 .125 .104 1.57 1.46 1.63 1.58 1.87 1.71

Spl.
en .059 .046 .075 .054 .118 .111 1.47 1.30 1.70 1.29 1.94 1.93 1.70 1.29 1.26 1.22 1.14 1.19 1.03
de .054 .042 .063 .050 .105 .094 1.05 0.87 1.12 0.87 1.35 1.34 1.50 1.17 1.14 1.10 0.97 1.02 0.89
cs .049 .035 .059 .042 .095 .087 0.98 0.81 1.11 0.84 1.37 1.27 1.60 1.24 1.19 1.14 1.04 1.11 0.93

M
is

tr
al

2

Score
only

Gr.
en .094 .095 .114 .110 .121 .114 1.80 1.75 1.76 1.90 2.01 1.88
de .096 .107 .105 .110 .100 .105 1.90 1.97 1.82 2.08 2.08 1.94
cs .114 .129 .121 .131 .111 .118 1.91 1.94 1.83 2.06 2.07 1.98

Spl.
en .041 .040 .051 .051 .072 .056 0.77 0.70 0.82 0.82 1.41 0.97 1.77 1.17 1.18 1.10 1.06 1.10 0.95
de .035 .039 .040 .051 .072 .068 0.56 0.57 0.51 0.73 0.94 0.79 2.26 1.37 1.35 1.32 1.32 1.37 1.19
cs .034 .036 .037 .046 .060 .058 0.41 0.41 0.40 0.49 0.62 0.55 2.64 1.53 1.44 1.51 1.58 1.67 1.46

CoT

Gr.
en .188 .181 .187 .187 .156 .152 1.95 1.85 1.98 2.01 1.78 1.94
de .196 .195 .202 .202 .281 .288 1.88 1.87 1.86 1.98 2.03 2.19
cs .163 .156 .147 .169 .196 .189 1.82 1.80 1.72 1.88 1.96 1.88

Spl.
en .022 .025 .030 .035 .050 .048 0.26 0.26 0.29 0.33 0.45 0.43 2.80 1.62 1.56 1.64 1.68 1.78 1.58
de .066 .082 .064 .088 .054 .062 0.81 0.77 0.82 0.77 0.62 0.81 3.20 1.88 1.76 1.85 1.96 2.03 1.80
cs .039 .045 .036 .056 .052 .050 0.47 0.45 0.46 0.46 0.41 0.49 3.32 1.92 1.82 1.92 2.03 2.09 1.91

E
ur

oL
L

M

Score
only

Gr.
en .165 .167 .193 .186 .162 .156 1.91 1.80 1.97 1.81 1.72 1.75
de .284 .290 .261 .300 .254 .274 2.40 2.35 2.33 2.40 2.08 2.38
cs .223 .244 .243 .248 .176 .209 2.19 2.21 2.26 2.22 1.84 2.14

Spl.
en .059 .069 .068 .081 .045 .055 0.72 0.65 0.78 0.68 0.55 0.75 2.55 1.56 1.54 1.54 1.57 1.62 1.44
de .094 .111 .093 .121 .065 .080 1.00 0.95 1.04 0.93 0.69 0.92 2.76 1.66 1.59 1.70 1.69 1.77 1.57
cs .129 .149 .129 .157 .082 .103 1.52 1.50 1.59 1.53 1.17 1.55 2.95 1.71 1.66 1.78 1.79 1.87 1.69

CoT

Gr.
en .130 .130 .157 .142 .155 .170 1.76 1.69 1.78 1.76 1.70 1.82
de .369 .402 .322 .393 .207 .279 0.91 0.97 0.80 1.08 0.79 0.94
cs .358 .421 .380 .442 .286 .296 1.15 1.25 1.16 1.28 0.98 1.12

Spl.
en .125 .143 .126 .153 .091 .099 0.97 0.93 1.00 0.94 0.68 0.87 2.97 1.74 1.64 1.78 1.79 1.88 1.68
de .149 .171 .151 .179 .106 .121 1.29 1.27 1.38 1.21 0.89 1.12 2.83 1.71 1.59 1.74 1.73 1.85 1.64
cs .120 .140 .119 .149 .086 .097 1.12 1.09 1.14 1.07 0.76 0.98 2.84 1.67 1.52 1.67 1.71 1.82 1.57

Q
w

en

Score
only

Gr.
en .082 .068 .105 .079 .136 .107 1.66 1.60 1.82 1.68 2.02 1.88
de .070 .102 .069 .088 .092 .100 0.82 0.88 0.73 0.92 0.92 0.98
cs .081 .053 .099 .057 .178 .147 0.66 0.65 0.60 0.78 0.83 0.87

Spl.
en .074 .075 .080 .081 .076 .065 1.27 1.17 1.48 1.15 1.35 1.33 3.33 2.13 2.07 2.12 2.15 2.16 2.09
de .054 .043 .062 .046 .093 .073 1.13 0.95 1.24 0.95 1.40 1.31 2.12 1.61 1.56 1.51 1.45 1.50 1.36
cs .041 .033 .053 .040 .083 .060 0.81 0.69 0.91 0.65 1.00 0.91 1.93 1.39 1.33 1.24 1.24 1.27 1.16

CoT

Gr.
en .199 .170 .206 .193 .268 .253 1.60 1.50 1.56 1.54 1.75 1.74
de .141 .133 .149 .154 .179 .177 1.70 1.66 1.73 1.78 1.84 1.87
cs .116 .113 .109 .101 .142 .153 1.22 1.21 1.12 1.25 1.20 1.35

Spl.
en .062 .048 .078 .058 .105 .078 1.13 0.97 1.37 1.01 1.53 1.39 1.52 1.25 1.13 1.15 1.03 1.09 0.94
de .055 .050 .073 .061 .103 .093 0.69 0.59 0.75 0.65 0.92 0.84 1.84 1.24 1.16 1.12 1.12 1.21 0.98
cs .048 .036 .062 .045 .088 .070 0.73 0.61 0.83 0.63 1.01 0.90 1.72 1.17 1.12 1.10 1.03 1.12 0.92

Table 6: A comparison of model outputs with different prompting strategies (Score-only, CoT: Chain of Thought),
decoding method (Gr.: greedy, Spl.: sampling) and different languages
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USA GBR CZE DEU IRN CHN

USA — .009 .017 .016 .046 .043
GBR .009 — .022 .011 .066 .052
CZE .017 .022 — .024 .044 .042
DEU .016 .011 .024 — .069 .049
IRN .046 .066 .044 .069 — .030
CHN .043 .052 .042 .049 .030 —

USA GBR CZE DEU IRN CHN

USA — 0.07 0.11 0.16 0.34 0.32
GBR 0.15 — 0.13 0.09 0.39 0.35
CZE 0.17 0.15 — 0.22 0.34 0.29
DEU 0.21 0.08 0.17 — 0.36 0.32
IRN 0.41 0.42 0.33 0.44 — 0.27
CHN 0.32 0.34 0.27 0.33 0.24 —

Norm. USA GBR CZE DEU IRN CHN

USA 1.66 — 0.79 0.92 0.78 0.95 0.92
GBR 1.54 0.79 — 0.90 0.72 0.92 0.78
CZE 1.55 0.92 0.90 — 0.83 0.93 0.79
DEU 1.11 0.78 0.72 0.83 — 0.66 0.64
IRN 1.06 0.95 0.92 0.93 0.66 — 0.69
CHN 1.13 0.92 0.78 0.79 0.64 0.69 —

Table 7: Comparison of difference between countries in the World Value Survey when measured us-
ing mean squared difference , KL Divergence , the norm of the self-correlation tables for each country and

distances of the self-correlation tables across countries.
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