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Abstract

Recent work in NLP has probed large lan-
guage models for their understanding of cul-
tural norms across countries. However, this
work typically considers distributional patterns,
ignoring group consensus or possible multicul-
tural environments within a country. In this
work, we leverage cultural consensus theory
(CCT) from cultural anthropology to model
such multidimensional nuance. Applying CCT
to the World Values Survey (WVS) across 10
countries and 12 domains, we demonstrate that
models frequently misrepresent cultural struc-
tures by either failing to form cohesive con-
sensus or severely over-regularizing consensus.
Through explicit representation of intra-group
variance, CCT provides actionable diagnostics
to evaluate when models reflect true human
diversity versus algorithmic homogenization.

1 Introduction

Cultural understanding and alignment is an emerg-
ing challenge in natural language processing (NLP),
particularly as large language models (LLMs) are
deployed across a wide range of communities and
contexts (Pawar et al., 2025). In anthropological
theory, culture is often defined as a shared sys-
tem of meanings, values, and practices within a
group (Keesing, 1974; d’Andrade et al., 1984).
Therefore, as LLMs interact with users, such differ-
ences in shared norms, practices, and interpretative
frameworks must be considered (Jones et al., 2025).

Recent work has shown that LLM alignment
varies across cultures; in particular, the distribution
over possible responses varies between a collec-
tion of human respondents and an ensemble of
LLMs (Durmus et al., 2024). While this work is
an important first step, the authors themselves note
that averaging responses has limitations and that
it is “unclear what to do when people within a
country have dissenting opinion” (Durmus et al.,
2024, p. 10). To address the aggregation concern,

we apply cultural consensus theory (CCT, Rom-
ney et al., 1986) from cultural anthropology, which
models culture as a distribution of shared meanings
and expectations, and also measures individuals’
cultural competence score. CCT allows for quan-
tifying and comparing consensus across domains,
questions, or populations (Weller, 2007). Specifi-
cally, we present a fine-grained analysis of cultural
alignment by comparing an ensemble of ten LLMs
to human populations across 10 countries and 12
cultural domains.

Rather than applying standard group-level ag-
gregation, we evaluate both the direction of align-
ment and the structural rigidity of model consen-
sus. We find that model behavior is highly domain-
dependent and goes beyond simple accuracy. In-
stead, models exhibit varying consensus structures,
ranging from a complete inability to form cohe-
sive consensus (e.g., Happiness and Well-Being
(HWB)), to the confident fabrication of artificial
(non-human) consensus (e.g., Perceptions of Sci-
ence and Technology (POST)). Crucially, even
when models successfully match human consen-
sus (e.g., Perception of Corruption (POC)), they
tend to artificially inflate this measure, collapsing
human diversity into algorithmic homogenization.1

2 Related Work

Recent work has explored the intersection of cul-
ture and NLP, highlighting that the various dimen-
sions of culture (e.g., values, shared knowledge) in-
teract with the language used to express them (Her-
shcovich et al., 2022; Liu et al., 2025). While the lit-
erature on culture and NLP is growing rapidly (Liu
et al., 2025), here we highlight works dealing with
probing for cultural markers using NLP techniques.
Such methods include multilingual topic models
(Gutiérrez et al., 2016) and word embeddings (Ko-

1The code and data for this work are available online at
https://github.com/nd-ball/llm-alignment-cct.
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zlowski et al., 2019; Durrheim et al., 2023). More
recently, research studies have shown that LLMs
carry forward and amplify these cultural signals.
For instance, Tao et al. (2024) highlighted that
LLMs encode culturally-specific belief structures
which vary across different geopolitical regions.
Messner et al. (2025) showed that LLMs repli-
cate cultural stereotypes in generated content, with
implications for user perception and engagement.
Finally, large-scale evaluations have shown that
LLMs can underperform in culturally diverse set-
tings (Singh et al., 2025).

The above studies identify cultural variation
in model behavior; however, quantifying intra-
group agreement is underexplored. In one recent
work, Alkhamissi et al. (2024) compare LLM cul-
tural alignment with individuals from the United
States and Egypt. More broadly, Pawar et al. (2025)
highlight the difficulty of defining and evaluating
cultural alignment between humans and LLMs us-
ing survey-style evaluations, including evidence
that responses from LLMs can align more closely
with the opinions of some countries than others by
default (Durmus et al., 2024). Khan et al. (2025)
demonstrate the fragility of survey-based evalua-
tions under prompting or framing changes, San-
turkar et al. (2023) reveal demographic misalign-
ment using OpinionQA, and Zhang et al. (2025)
warn of algorithmic monoculture emerging from
homogenized model behavior. LLMs often stereo-
type users at the country level, artificially reducing
cross-cultural variation (Saha et al., 2025).

Standard group-level aggregation (Kirk et al.,
2024) and distributional metrics (Durmus et al.,
2024) fail to capture this phenomenon because
they ignore intra-group heterogeneity. In contrast,
CCT explicitly models both cohesive group con-
sensus and individual competence. This dual ca-
pability effectively bridges population-level distri-
bution matching (Ren et al., 2025) and user-level
personalization (Zollo et al., 2024). Together, these
findings motivate the use of CCT as a theoretically
grounded approach to quantify consensus strength
and fragmentation across cultures.

3 Cultural Consensus Theory

CCT is a methodology from cultural anthropology
to model group consensus as well as individual-
level understanding of that shared consensus (Rom-
ney et al., 1986; Anders and Batchelder, 2015).
Specifically, CCT estimates a consensus response

to questions for which the answer is unknown from
a dataset of survey respondents. Then, each re-
spondent’s cultural competence is based on their
agreement with the consensus. CCT’s use in ma-
chine learning and NLP research remains limited;
one example is the application of CCT to create a
meta-learning gender classifier using name-gender
association data (Van Buskirk et al., 2023).

CCT estimation requires a response matrix
dataset RN×M , where each entry Rnm represents
respondent n’s answer to question m; each ques-
tion has an ordinal response scale. With R, we
compute an agreement matrix A, which contains
pairwise response correlations between individuals
across all items. A allows us to estimate three key
metrics: a respondent’s cultural competence score,
the variance explained by the agreement matrix,
and the consensus answers for the dataset. Cultural
competence represents the degree to which each
respondent’s answers align with the shared cultural
model (i.e., group consensus).

The cultural competence is estimated from
an eigendecomposition of A. Let v(1) be the
first eigenvector of A, and let v

(1)
n be its n-

th element (respondent). Because eigenvec-
tors are unit-normalized by construction (i.e.,√︂∑︁N

j=1(v
(1)
j )2 = 1), the raw loading v

(1)
n directly

serves as an initial competence estimate. Here n in-
dexes respondents and j is a dummy respondent in-
dex in the normalization sum (n, j ∈ {1, . . . , N}).
However, as N increases, the magnitude of indi-
vidual loadings inevitably shrinks, making cross-
group comparisons unreliable. To remove the sam-
ple size dependency and bound scores in [0,1], we
define a normalized competence score using the
99th percentile (Q99) of the observed loading dis-
tribution as a reference:

cn =
|v(1)n |

Q99({|v(1)n |}Nj=1)
(1)

Next, the proportion of variance explained (VE)
by the first factor (principal component) is calcu-
lated as VE = λ1∑︁N

r=1 λr
, where λ1 ≥ λ2 ≥ · · · ≥

λN are the eigenvalues of A. Lastly, the consen-
sus vector ỹ is estimated as a weighted average
of respondent’s responses, using their competence
scores as weights:

ỹ =
R⊤ · c
∑︁N

n=1 cn
(2)
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4 Experiments

To demonstrate CCT on an NLP-focused task, we
conducted several analyses using the World Val-
ues Survey (WVS) dataset (Haerpfer et al., 2022).
We collected WVS responses from an ensemble
of LLM models where we vary the prompt, and
used CCT to empirically analyze these models’ re-
sponses when compared to a human population
(§4.2) and when used as a proxy for a country’s
human population (§4.3).

4.1 Dataset and Country Selection

We used the World Values Survey (WVS) Wave 7,
a globally validated and widely adopted instrument
for measuring public beliefs and values across vari-
ous societies (Haerpfer et al., 2022; Durmus et al.,
2024).2 To examine how cultural consensus varies
under different social compositions, we selected
10 countries grouped into single-culture or multi-
culture based on their ethnic fractionalization in-
dex (EFI, Alesina et al., 2003). Countries with low
EFI scores were labeled as single-culture; countries
with high EFI scores were labeled as multi-culture
(Appendix B). For each country and domain, we
constructed two matrices: H ∈ RNH×M (human
responses) and L ∈ RNL×M (LLM responses).

We constructed H from publicly available WVS
data and L using ten LLMs: GPT-OSS:120B,
Llama3.1:70B, Llama3:70B, Qwen2.5vl:72B,
Qwen2.5vl:32B, Qwen2.5vl:7B, Qwen3:32B,
Qwen:7B, Phi3:instruct, and GPT-4o (Agarwal
et al., 2025; Grattafiori et al., 2024; Bai et al.,
2023; Yang et al., 2025; Abdin et al., 2024; Hurst
et al., 2024). We designed prompts based on prior
work (Durmus et al., 2024) to steer the model
responses based on the target country3 to obtain 60
rows of data for L (10 models × 6 prompts).

4.2 LLMs as Community Members

To evaluate LLM alignment with human cultural
knowledge, we constructed a joint response matrix
J = [H,L] of shape (NH +NL) ×M . This lets
us estimate cultural competence score (Eqn. 1) for
the models based on a human population for each
culture-domain (Table 1). By fitting the models
jointly with humans, the LLM competence scores
reflect their specific alignment with the underlying
human cultural consensus.

2See Appendix A for more details on WVS.
3We set temperature to 0; prompts are in Appendix A.

Economic Values (EV)
Ethical Values & Norms (EVN)
Happiness and Well-Being (HWB)
Perceptions of Corruption (POC)
Perceptions of Migration (POM)
Perceptions of Security (POS)
Perceptions of Science and Technology (POST)
Political Culture and Political Regimes (PCPR)
Political Interest and Political Participation (PIPP)
Religious Values (RV)
Social Capital, Trust & Organizational Membership (SC-
TOM)
Social Values, Norms & Stereotypes (SVNS)

Table 1: Domains included in WVS.

4.3 Consensus between Humans and LLMs

We then compared consensus models using two
different inputs: human data and LLM data to com-
pare their respective consensus response keys and
the amount of variance explained by their first fac-
tors. To do this, we fit two separate CCT models for
each country-domain: a human consensus model
on H and an LLM consensus model on L. We then
calculated two metrics: Consensus Consistency
and Difference in Variance. We define consensus
consistency (CC) as the degree of matching be-
tween the LLM consensus answer and the Human
consensus answer, treating the human answer as
ground truth:

CC =
1

M

M∑︂

m=1

I(⌊ỹH
m⌉ = ⌊ỹL

m⌉) (3)

where M is the total number of items, I(·) is the
indicator function, and ⌊·⌉ denotes rounding to the
nearest integer. Rounding maps the continuous
consensus estimates back to the original discrete
response scale.

We define Difference in Variance (∆VE) as the
difference in magnitude of internal consensus be-
tween the LLM ensemble and the human CCT
model, which quantifies whether the models exhibit
a tighter, more rigid internal consensus (homoge-
nization) or a weaker, more fragmented consensus
than the natural variance found in the human group.

∆VE = VEL − VEH (4)

∆VE > 0 represents a case where there is higher
consensus among LLMs than is captured by the
human responses, which can be interpreted as an
LLM ensemble inflating consensus for the culture.
∆VE < 0 represents the case when the humans
have higher consensus than LLMs, suggesting that
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(a) Single-culture (b) Multi-culture

Figure 1: Per-domain average competence scores (mean) for human respondents and ten LLM models. Scores
are aggregated over countries; “Single-culture” includes Japan, Armenia, Germany, Greece, and Netherlands;
“Multi-culture” includes Colombia, Mexico, Malaysia, Peru, and United States.

the LLM ensemble captures lower consensus than
is present in the human population.

4.4 Implementation Details

We collected responses using a university-hosted
local instantiation of Open WebUI with API access
for all open-source models (Baek et al., 2025), and
queried GPT-4o via the OpenAI API. CCT models
were fit with AnthroTools version 2.0 (Purzycki
and Jamieson-Lane, 2017).

5 Results

5.1 Models as Culture Members

Figure 1 reports mean CCT competence by domain
(Eqn. 1) for humans and the 10 models. The results
suggest that across both single- and multi-culture
groups, competence is strongly domain-specific,
where models can exceed humans in some domains.
However, higher competence reflects closer agree-
ment with the majority response pattern (i.e., in-
ferred consensus key), and should not be taken
as having better cultural knowledge. Notably, hu-
man respondents maintain the highest competence
in several key domains across both cultural set-
tings, including HWB, PIPP, POM, SCTOM, and
SVNS. This suggests that living experiences and
within group nuances are hard for models to repro-
duce. Among LLMs, performance is also domain-

dependent. Qwen2.5vl:72B has high competence
in EV, EVN, and POS across both cultural settings.
GPT-OSS:120B is closest to the inferred consen-
sus key in POC, RV, and PCPR (single-culture),
while GPT-4o is consistently competitive but only
achieves high competence in PCPR (multi-culture).
In contrast, Llama3:70B is least competent across
multiple domains (e.g., EV, EVN, HWB, POS).

Overall, the domain-wise ordering of models is
broadly stable between two cultural settings. How-
ever, the magnitude between humans and models
varies between single- and multi-culture aggrega-
tion. Because similar mean competence can mask
different underlying agreement patterns, we next
evaluate whether models match the structure of
human consensus rather than only its average level.

5.2 Comparing Human and LLM Alignment

Table 2 presents three distinct regimes of model
behavior, illustrated in Figure 2. First, in Percep-
tion of Corruption (POC) and Religious Values
(RV), models achieve strong competence, high CC
(≥ 0.8) and ∆VE > 0 for both cultural settings.
This suggests potential Consensus Inflation, where
model responses match human consensus direc-
tion but artificially amplify its strength. Second,
among single-culture countries in Happiness and
Well-Being (HWB), competence is higher for hu-
mans with low levels of CC and ∆VE < 0, indi-
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Multi-culture Single-culture

Domain CC ∆VE CC ∆VE

EV 0.280 0.139 0.320 0.082
EVN 0.337 -0.101 0.495 -0.216
HWB 0.440 -0.031 0.360 -0.305
PCPR 0.238 0.151 0.487 0.040
PIPP 0.490 0.071 0.405 0.034
POC 0.800 0.228 0.880 0.121
POM 0.250 0.121 0.650 0.085
POS 0.771 0.080 0.371 -0.071
POST 0.360 0.202 0.480 0.150
RV 1.000 0.167 0.800 0.176
SCTOM 0.398 0.045 0.539 -0.011
SVNS 0.608 0.042 0.630 0.065

Table 2: Averages by domain grouped by Multi- and
Single-culture countries.

cating a Consensus Gap in which models fail to
form coherent cultural alignment. Third, Percep-
tions of Science and Technology (POST) and Eco-
nomic Values (EV) display a Heterogeneity Gap
where, despite having lower competence and CC
(≤ 0.5) for models against humans, ∆VE is pos-
itive. This illustrates that models may converge
internally without matching human heterogeneity.
Finally, comparing single- vs. multi-culture set-
tings shows that CC often changes modestly, while
∆VE can shift direction (e.g., POS and SCTOM).
Overall, the results highlight that cultural aggre-
gation affects the structure of consensus captured
by models even when consensus does not match
between humans and models.4

Figure 2: Consensus-Variance Trade-off Across Cul-
tural Domains.

Table 3 reveals a key distinction between CC
and ∆VE when comparing single- vs. multi-culture
countries. After false-discovery rate (FDR) cor-
rection, CC does not differ significantly between

4We conduct further analysis at the prompt- and model-
level in Appendices C and D, respectively.

∆VE (LLM VE – Human VE)

Domain Multi Single ∆(M–S) qFDR

PCPR 0.150 0.040 0.111 0.093†

POS 0.080 −0.071 0.150 0.093†

HWB −0.031 −0.305 0.274 0.036*

CC

Domain Multi Single ∆(M–S) qFDR

PCPR 0.238 0.487 −0.249 0.132
POS 0.771 0.371 0.400 0.132
HWB 0.440 0.360 0.080 0.696

Table 3: Compact summary for the three domains where
∆VE differs significantly (or marginally) between single-
and multi-culture groups after FDR correction. See
Appendix C for full results. ∆ denotes Multi minus
Single. *q < .05; †q < .10.

groupings across domains, while ∆VE does. For
example, HWB shows a substantial improvement
in structural consensus fit (i.e., less negative ∆VE)
from single- to multi-culture settings.

6 Conclusion

In this work, we apply CCT to analyze LLM cul-
tural alignment, extending prior work (Röttger
et al., 2024) by showing how alignment varies
across single- and multi-culture countries across
10 countries and 12 domains. Our domain-level
analysis reveals three primary regimes of model
behavior: (i) Consensus Gap (e.g., HWB), where
models fail to form cohesive cultural alignment,
(ii) Heterogeneity Gap (e.g., POST), where mod-
els converge on artificial consensus while missing
human consensus, (iii) Consensus Inflation (e.g.,
POC), where models match human consensus but
with high certainty, reinforcing concerns of algo-
rithmic homogenization.

By modeling the distribution of shared beliefs
within and across groups, CCT offers a nuanced
understanding of where LLMs align with or sep-
arate from community-level consensus. This of-
fers actionable diagnostics: (1) identifying domain-
specific failure modes (gap vs. inflation), and (2)
targeting items that drive misalignment for data
collection or post-training calibration. Future work
should integrate CCT into prompt/model selection
policies, extend analyses to subcultural strata, and
explore training objectives that mitigate consen-
sus inflation and heterogeneity collapse. With our
results and open-sourced code, we encourage the
research community to leverage CCT to investigate
future challenges in LLM cultural alignment.
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7 Limitations

While Cultural Consensus Theory (CCT) provides
a robust framework for modeling intra-group vari-
ance, its interpretability is bounded by extreme
response patterns. When survey responses are per-
fectly homogeneous, the model technically yields
a consensus near 1, but individual competence
variance cannot be meaningfully estimated. Con-
versely, highly divergent responses yield a low first-
to-second eigenvalue ratio, indicating a lack of
consensus. In both extremes, CCT does not fail
computationally, but rather highlights that the data
lacks the delicate balance of shared structure and
natural variance required for meaningful cultural
patterning.

Furthermore, we exclude aggregated metrics
such as Hofstede’s Cultural Dimensions, as our
approach specifically requires modeling individual-
level respondent data rather than country-level av-
erages. Finally, our calculation of Consensus Con-
sistency employs a heuristic weighted average and
rounding approach for discrete survey alignment,
rather than a formal Thurstonian ordinal model (An-
ders and Batchelder, 2015).

Future work taking a more nuanced approach to
cultural assessments of LLMs can leverage CCT to
better understand when and how LLM responses
do or do not align with cultural expectations. This
is in line with recommendations for making local
rather than global claims about LLMs and cultural
values (Röttger et al., 2024, p. 15302).

Ethical Considerations

Culture is a complex, multidimensional phe-
nomenon. As such, any modeling and estima-
tion risks generalizations and assumptions that go
against cultural beliefs held by the human popula-
tions from whom the data is collected. Our results
are not meant to replace elicitation of cultural be-
liefs from humans from different countries and lo-
cales; instead, our goal is to show that nuanced con-
sideration of cultural categories can provide more
detailed information than a broad-brush approach.
Still, we encourage readers to take our results in
the context of cultural research broadly, and not
necessarily just the LLM and culture intersection.
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A WVS Dataset Information

Countries

India Japan Pakistan
Uzbekistan Jordan Peru
Andorra Kazakhstan Philippines
Argentina Kenya Puerto Rico
Armenia Kyrgyzstan Romania
Australia Lebanon Russian Federation
Bangladesh Libya Serbia
Bolivia Macao SAR Singapore
Brazil Malaysia Slovakia
Canada Maldives South Korea
Chile Mexico Taiwan ROC
China Mongolia Tajikistan
Colombia Morocco Thailand
Cyprus Myanmar Tunisia
Czechia Netherlands Turkey
Ecuador New Zealand Ukraine
Egypt Nicaragua United States
Ethiopia Nigeria Venezuela
Germany Northern Ireland Vietnam
Great Britain Indonesia Zimbabwe
Greece Iraq
Guatemala Iran
Hong Kong SAR

Table 4: List of countries in which WVS is conducted.

Overall, there are respondents from 65 countries.
Questions cover 12 domains, each comprising mul-
tiple survey items with varying multiple-choice
response formats (Table 4).5 For our analysis, we
first removed respondents with missing values to
ensure complete data for CCT modeling. Next, we
excluded question groups containing fewer than 4
items, as reliable estimate of consensus requires a
sufficient number of items per domain. Importantly,
CCT relies on responses variation, enough to dis-
tinguish between respondents but not so much as to
obscure any underlying shared agreement. These
preprocessing steps ensure the stability and inter-
pretability of the agreement matrix.

The questions listed in Table 5 represent the sam-
ple used to analyze the LLM alignment with the
individual responses. A total of 146 questions are
used to prompt LLM and generate responses in a
similar scale given to the human respondents.

Cross-national prompt:
How would someone from <COUNTRY_NAME>
answer the following question: <QUESTION>.
We tested the LLM responses using six different
sets of prompts. A sample Baseline prompt for a
question from HWB is seen as "How would some-
one from <COUNTRY_NAME> answer the follow-
ing question? Respond with a single number 1, 2, 3

5https://www.worldvaluessurvey.org/
WVSDocumentationWV7.jsp
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Happiness and Well-Being

In the last 12 months, how often have you or your family experienced the following scenario:
Q51: Gone without enough food to eat? Q54: Gone without a cash income?
Q52: Felt unsafe from crime in your home? Q55: Gone without a safe shelter over your head?
Q53: Gone without medicine or medical treatment that you
needed?

Perceptions of Corruption

Among the following groups of people, how many do you believe are involved in corruption?
Tell me for each group if you believe it is none of them, few of them, most of them or all of them?
Q113: State authorities? Q116: Civil service providers (police, judiciary, civil ser-

vants, doctors, teachers)?
Q114: Business executives? Q117: Journalists and media?
Q115: Local authorities?

Perceptions of Science and Technology

Now, I would like to read some statements and ask how much you agree or disagree with each of these statements.
For these questions, a 1 means that you "completely disagree" and a 10 means that you "completely agree":
Q158: Science and technology are making our lives healthier,
easier, and more comfortable?

Q161: One of the bad effects of science is that it breaks
down people’s ideas of right and wrong?

Q159: Because of science and technology, there will be
more opportunities for the next generation?

Q162: It is not important for me to know about science in
my daily life?

Q160: We depend too much on science and not enough on
faith?

Social Capital, Trust & Organizational Membership - III

Now I am going to read out a list of voluntary organizations; for each one, could you tell me whether you are a member
an active member, an inactive member or not a member of that type of organization?
Q94: Church or religious organization? Q100: Professional organization?
Q95: Sport, or recreational organization, football/basebal-
l/rugby team?

Q101: Humanitarian or charitable organization?

Q96: Art, music or educational organization? Q102: Consumer organization?
Q97: Labor union? Q103: Self-help group, mutual aid group?
Q98: Political party? Q104: Women’s group?
Q99: Environmental organization?

Political Culture and Political Regimes - II

Please tell me for each of the following things how essential you think it is as a characteristic of democracy.
Use this scale where 1 means "not at all an essential characteristic of democracy" and
10 means it definitely is "an essential characteristic of democracy."
Q241: Governments tax the rich and subsidize the poor? Q246: Civil rights protect people from state oppression?
Q242: Religious authorities ultimately interpret the laws? Q247: The state makes people’s incomes equal?
Q243: People choose their leaders in free elections? Q248: People obey their rulers?
Q244: People receive state aid for unemployment? Q249: Women have the same rights as men?
Q245: The army takes over when government is incompe-
tent?

Table 5: Sample questions used in WVS survey. Question IDs are directly referenced from WVS dataset.

or 4. On a scale of 1 to 4, 1 meaning ’Often’ and 4
meaning ’Never’, in the last 12 months, how often
you or your family have experienced the following
scenario: <QUESTION>?

• Explicit How would someone from <COUN-
TRY_NAME> answer the following question?
Only respond with a single number (1, 2, 3 or 4).
Do not include any explanation.

• Parentheses How would someone from <COUN-
TRY_NAME> answer the following question?
(respond only with 1, 2, 3 or 4).

• Directive Simulate a culturally appropriate an-
swer for someone from <COUNTRY_NAME>.
Answer with a single digit only: 1, 2, 3 or 4.

• Chain-of-thought How would someone from
<COUNTRY_NAME> answer the following
question? First, internally consider step by step
how people typically experience this scenario,
but do not write out your reasoning. Respond
only with a single number: 1, 2, 3 or 4.

• Roleplay You are a <gentilic> citizen responding
to a cultural values survey. Please answer only
with 1, 2, 3 or 4.

For HWB, the prefix is: On a scale of 1 to 4,
1 meaning ’Often’ and 4 meaning ’Never’, in the
last 12 months, how often you or your family have
experienced the following scenario. For POST,
the prefix is: On a scale of 1 to 10, 1 meaning
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’Completely disagree’ and 10 meaning ’Completely
agree’, how much do you agree or disagree with
the following statement. For POC, the prefix is: On
a scale of 1 to 4, 1 meaning ’None of them’ and
4 meaning ’All of them’, in the following group
of people, how many do you think are involved in
corruption.

B Ethnic Fractionalization Index (EFI)

EFI measures the probability that two randomly
selected individuals from a population belong to
different ethnic groups. Higher values indicate
greater ethnic diversity. As shown in Table 6,
countries classified as multi-culture (e.g., Colom-
bia, Peru and Malaysia) exhibit significantly higher
EFI scores than single-culture group (e.g., Japan
and Greece). These values provide empirical sup-
port for grouping countries by cultural complex-
ity in the broader analysis. EFI scores are taken
from (Alesina et al., 2003), published in Journal
of Economic Growth, which provide cross-country
fractionalization measures based on ethnic group
shares measured around the year 2000.

Single-culture Multi-culture

Country EFI Country EFI

Japan 0.011 United States 0.491
Armenia 0.127 Mexico 0.542
Netherlands 0.105 Malaysia 0.588
Greece 0.157 Colombia 0.601
Germany 0.168 Peru 0.657

Table 6: Ethnic Fractionalization Index (EFI) scores for
selected countries

C Prompt-level Breakdown

Using the aggregated LLM responses (N = 60
rows per country, representing all models across
all prompts), we compare CC between single- and
multi-culture country groups using Welch t-tests
with BH-FDR correction, as shown in Table 7.
Alignment tests do not show a group split in case
of CC for all the rest of the categories. As pre-
sented in Table 8, in HWB, single-culture shows
a large negative VE Diff. (-0.305)), meaning hu-
mans explain more variance than the models, and
this gap shrinks to near zero in multi-group (∆ =
-0.031). All other domains are not significant after
controlling FDR, whereas PCPR and POS show
slight differences.

Prompt-Level Sensitivity Analysis To evaluate
whether our findings are related to the specific
phrasing of the question, we disaggregate the com-
bined LLM data and independently fit CCT models
for each of the six prompt templates (Appendix A).
By calculating Consensus Consistency (CC) and
Difference in Variance (∆VE) per prompt, we iso-
late prompt-driven variance from fundamental cul-
tural alignment. Figure 3 highlights that prompt
framing introduces measurable variance, the cul-
tural domain and the population type remain the pri-
mary drivers of model behavior. In particular, mod-
els simulating single-culture populations yield sig-
nificantly higher prompt-level instability, whereas
multi-culture simulations show tighter, more rigidly
constrained consensus (i.e., except for POM).

Furthermore, in the single-culture setting, ex-
plicit and declarative framing produce wider dis-
persion in domains such as POS and HWB. How-
ever, these template effects seem small relative to
the overall shift caused by the cultural grouping. In
PCPR, multi-culture simulations largely eliminate
prompt-level volatility. Together, these results indi-
cate that the simulated population structure drives
the findings more than the elicitation strategy.

D Model-level Sensitivity

We implemented a model-level analysis to ensure
our findings are not dependent on a specific
language model. To do this, we aggregated
the responses across all six prompts for each
individual model. We then fit the CCT framework
to this data. As shown in Figure 4, the cultural
domain remains the dominant factor driving model
behavior. However, the underlying capacity of
the model also heavily influences the outcome.
We observe a distinct scaling effect. To facilitate
comparison across model scales, we categorize
our ensemble into large and small models. The
large tier comprises GPT-4o and GPT-OSS:120B,
Llama3.1:70B and Llama3:70B, and the Qwen
variants (Qwen2.5vl:72B, Qwen2.5vl:32B,
and Qwen3:32B). The small tier includes
Qwen2.5vl:7B, Qwen:7B, and Phi3:instruct. We
find that larger models generally achieve a higher
∆VE and consistently exhibit stronger consensus
in multi-culture settings. Conversely, the smallest
model in our ensemble, Qwen 7B and Phi-3
Instruct, frequently demonstrates the weakest
structural fit. This pattern is especially pronounced
in domains like HWB, PCPR and EVN.
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Domain Mean (Multi) Mean (Single) ∆ (M–S) t p qFDR

EV 0.280 0.320 -0.040 -0.577 0.580 0.696
EVN 0.337 0.495 -0.158 -1.970 0.087 0.238
HWB 0.440 0.360 0.080 0.756 0.471 0.696
PCPR 0.238 0.487 -0.249 -2.843 0.022 0.132
PIPP 0.490 0.405 0.085 0.891 0.399 0.684
POC 0.800 0.880 -0.080 -0.459 0.663 0.723
POM 0.250 0.650 -0.400 -2.499 0.047 0.188
POS 0.771 0.371 0.400 3.300 0.012 0.132
POST 0.360 0.480 -0.120 -0.671 0.522 0.696
RV 1.000 0.800 0.200 2.138 0.099 0.238
SCTOM 0.398 0.539 -0.141 -1.711 0.147 0.295
SVNS 0.607 0.630 -0.022 -0.260 0.802 0.802

Table 7: Two-sample Welch t-tests comparing CC between single- vs. multi-culture country groups by domain. ∆
is Multi minus Single. qFDR is Benjamini–Hochberg adjusted across the 12 domains. * FDR < .05; † FDR < .10.

Domain Mean (Multi) Mean (Single) ∆ (M–S) t p qFDR

EV 0.139 0.082 0.057 0.866 0.424 0.509
EVN -0.101 -0.216 0.115 1.408 0.200 0.400
HWB -0.031 -0.305 0.274 4.254 0.003 0.036∗

PCPR 0.150 0.040 0.111 3.418 0.017 0.093†

PIPP 0.071 0.034 0.037 1.774 0.115 0.275
POC 0.228 0.121 0.107 1.059 0.322 0.484
POM 0.121 0.085 0.037 0.772 0.471 0.514
POS 0.080 -0.071 0.150 3.450 0.023 0.093†

POST 0.202 0.150 0.051 0.957 0.389 0.509
RV 0.167 0.176 -0.009 -0.109 0.917 0.917
SCTOM 0.046 -0.011 0.056 2.138 0.065 0.195
SVNS 0.042 0.065 -0.023 -1.181 0.302 0.484

Table 8: Two-sample Welch t-tests comparing ∆VE between single- vs. multi-culture country groups by domain. ∆
is Multi minus Single. qFDR is Benjamini–Hochberg adjusted across the 12 domains. * FDR < .05; † FDR < .10.

Figure 3: Prompt sensitivity of ∆VE across domains for single- and multi-culture country groups.
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Figure 4: Model sensitivity of ∆VE across domains for single- and multi-culture country groups.

26582


