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Abstract

Large Language Models (LLMs) are becoming
increasingly capable across global languages.
However, the ability to communicate across
languages does not necessarily translate to
appropriate cultural representations. A key
concern is US-centric bias, where LLMs re-
flect US rather than local cultural values. We
propose a novel methodology that compares
LLM-generated response distributions against
population-level opinion data from the World
Value Survey across four languages (Danish,
Dutch, English, and Portuguese). Using a rig-
orous linear mixed-effects regression frame-
work, we compare three families of models:
Google’s Gemma models (2B-27B parame-
ters), AI2’s OLMo models (7B-32B parame-
ters), and successive iterations of OpenAl’s
turbo-series. Across the families of models,
we find no consistent relationships between
language capabilities and cultural alignment.
While the Gemma models have a positive cor-
relation between language capability and cul-
tural alignment across all languages, the Ope-
nAl and OLMo models are inconsistent. Our
results demonstrate that achieving meaningful
cultural alignment requires dedicated effort be-
yond improving general language capabilities.

1 Introduction

Spearheaded by accessible chat interfaces to pow-
erful models like ChatGPT (OpenAl, 2022), LLMs
are reaching hundreds of millions of users (Milmo,
2023). These models are deployed across di-
verse contexts: from tutoring mathematics (Khan,
2023) to building software applications (Peng et al.,
2023) to assisting in legal cases (Tan et al., 2023).
While most LLMs demonstrate multilingual abili-
ties (Ustiin et al., 2024), the ability to communicate
across languages does not necessarily translate into
appropriate cultural representations. Disentangling
language capabilities and cultural alignment is cru-
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Figure 1: The relationship between multilingual capa-
bility and cultural alignment is inconsistent across LLM
families, as shown by coefficients from our linear mixed-
effects model (Bruititinguat = Bfim: Bq. 3; §3.2).
OpenAl and OLMo models show negative or insignifi-
cant relationships outside of Danish and Dutch, while
Gemma models show positive relationships throughout
(p < .05).

cial for understanding how LLMs should be exam-
ined and audited (Mokander et al., 2024) and for
ensuring these technologies work for diverse peo-
ple (D’ignazio and Klein, 2023; Weidinger et al.,
2022).

Given the Silicon Valley origins of many frontier
Al labs and the prevalence of American English
training data, we might expect LLMs to exhibit
US-centric cultural biases despite their multilin-
gual capabilities. These companies comprise a nar-
row slice of human experience, limiting the voices
that contribute to critical design decisions in LLMs
(D’ignazio and Klein, 2023). They typically train
LLMs on massive amounts of predominantly En-
glish text and employ American crowd workers
to rate and evaluate the LLMs’ responses (John-
son et al., 2022; Kirk et al., 2023). Far too often,
the benefits and harms of data technologies are un-
equally distributed, reinforcing biases and harming
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already minoritized groups (Birhane, 2020; Milan
and Treré, 2019; Khandelwal et al., 2024). Under-
standing how LLMs represent different cultures is
thus paramount to establishing risks of representa-
tional harm (Rauh et al., 2022) and ensuring the
technology’s utility is shared across diverse com-
munities.

Increasing diversity and cross-cultural under-
standing is stymied by unchecked assumptions in
both alignment techniques and evaluation method-
ologies. First, there is an assumption that bigger
and more capable LLMs trained on more data will
be inherently easier to align (Zhou et al., 2023;
Kundu et al., 2023), but this sidesteps the thorny
question of pluralistic variation and cultural repre-
sentations (Kirk et al., 2024b). Thus, it is unclear
whether improvements in architecture (Fedus et al.,
2022) and post-training methods (Kirk et al., 2023;
Rafailov et al., 2023) translate into improvements
in cultural alignment.

Although studies like the World Values Sur-
vey (WVS) have documented how values vary
across cultures (EVS/WVS, 2022), it remains un-
clear whether more capable LLMs—through scal-
ing or improved training—better align with these
cultural differences (Bai et al., 2022; Kirk et al.,
2023). While the WVS has been used in prior
research on values in LLMs, these studies have fo-
cused predominantly on individual models’ perfor-
mance within an English-language context. (Cao
et al., 2023; Arora et al., 2023; AlKhamissi et al.,
2024). This paper addresses this gap by develop-
ing a methodology for assessing how well fami-
lies of LLMs represent different cultural contexts
across multiple languages. We compare two dis-
tinct paths to model improvement: systematic scal-
ing of instruction-tuned models and commercial
product development comprising scaling and inno-
vation in post-training to accommodate pressures
from capabilities, cost, and preferences (OpenAl
et al., 2024b).

Given these considerations, we investigate the
following research questions:

RQ1 Multilingual Cultural Alignment: Does
improved multilingual capability increase
LLM alignment with population-specific
value distributions?

RQ2 US-centric Bias: When using different lan-
guages, do LLMs align more with US values
or with values from the countries where these
languages are native?

We operationalise multilingual capability as an
LLM’s performance on a range of multilingual
benchmarks across languages (see, e.g., Nielsen,
2023). We describe the specific benchmarks and
performances in the supplementary materials.

This work makes several key contributions. First,
we introduce a novel distribution-based method-
ology for probing cultural alignment across lan-
guages, moving beyond direct survey approaches
to better capture latent cultural values (Sorensen
et al., 2024). Second, we provide the first sys-
tematic comparison of how improvements in scale
and post-training affect cultural alignment and US-
centric bias across English, Danish, Dutch, and Por-
tuguese through a series of robust statistical mod-
els. Third, we release a dataset of model-generated
responses across multiple languages and cultural
contexts as well as our code, enabling future re-
search into cultural alignment and bias.! Together,
these contributions advance our understanding of
how LLM development choices influence cultural
representation while providing tools for ongoing
investigation of these critical issues.

2 Measuring Cultural Alignment
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Figure 2: Pearson correlations in value polarity scores
across studied countries from the World Values Survey.
Value polarity scores are the fraction of the population
in favour of a given topic. All correlations are positive,
with most being between 0.7-0.95.

This section defines ‘cultural alignment’ and
how to measure it in LLMs. We conceptualise
cultural alignment as reproducing distributions of

ISee github.com/jhrystrom/multicultural-alignment for
code, data, and supplementary materials.
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values in a particular population. Then we show
how to a) get a ground-truth distribution of values
using the World Values Survey (§2.1) and b) elicit
value distributions from LLMs (§2.2).

Cultural alignment as value reproduction:
Within a culture there will be a variety of stances to
any particular topic. However, the distribution of
stances will be characteristic among cultures. For
instance, while around 8% of Danes are opposed to
abortion, it is a much less contentious topic than in
the US, where it’s close to 40% (EVS/WVS, 2022).

We posit that cultural alignment for a specific
group of people can be operationalised as how well
an LLM reproduces the distribution of values over
a wide range of topics (Sorensen et al., 2024). In-
vestigating distributions of responses differs from
previous work that directly surveys the LLMs as
regular participants (e.g., Cao et al., 2023). This
approach also addresses concerns raised by Khan
et al. (2025) about the instability of survey-based
evaluations by focusing on aggregate distributions
rather than individual responses and incorporating
explicit controls for response consistency. Our goal
is to get more naturalistic elicitations of the un-
derlying values whilst avoiding sycophancy and
response bias (Sharma et al., 2023).

We operationalise reproduction as high correla-
tions between value polarity scores: the fraction
of people (or LLM responses) in favour of a topic
in the population. Note, that we binarise issues to
allow for simpler operationalisation. Below, we
describe how we empirically estimate the value po-
larity score for the ground truth (§2.1) and LLMs
(8§2.2).

2.1 Ground Truth: World Values Survey

To get a ‘ground truth’ distribution of cultural val-
ues, we use the joint World Values Survey and
European Values Survey (EVS; EVS/WVS, 2022).
These surveys cover adults across 92 countries with
samples that are nationally representative for gen-
der, age, education, and religion. The surveys’
broad coverage enables cross-cultural comparabil-
ity for the many countries covered by the surveys,
though some scholars note challenges in ensuring
response comparability across countries (Aleméan
and Woods, 2016). The WVS provides both coun-
try and language identifiers for each respondent,
allowing us to define populations either as citizens
of a country or speakers of a language using the
same underlying respondent-level data.

We select questions with binary agree/disagree
or rating scale formats that allow clear classifica-
tion of positive vs. negative stances, excluding
questions with multiple categorical response op-
tions (see the supplementary materials for the full
list of questions). These questions span environ-
ment, work, family, politics, religion, and security.
We convert responses to binary indicators by deter-
mining whether each response indicates support for
the measured construct, with custom coding to han-
dle the various question formats and reverse-scored
items. Finally, we calculate the value polarity score
as the demographically weighted proportion of re-
spondents with affirmative stances. Formally, we
can define the value polarity score for a given pop-
ulation, P (e.g., citizens in a country or speakers
of a language) and topic, g, (i.e., question within
the EVS/WVS) as shown in Eq. 1:

VPSp =Y

= 4igq (D
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Here, A; 4 is a binary indicator of whether par-
ticipant ¢ has a positive stance on topic ¢, w; rep-
resents the survey-provided demographic weights,
and P, denotes respondents in population 77 who
answered question g. The first term normalises
the weights to account for missing responses and
enables aggregation across any definition of a pop-
ulation (e.g., residents in a country, speakers of a
language, etc.).

For example, if 80% of Danish respondents
who answered the same-sex marriage question ex-
pressed support (after demographic reweighting),
Denmark’s value polarity score for this topic would
be 0.8. Thus, a culture’s values can be represented
as a vector, where each element corresponds to a
value polarity score for a specific topic.

2.2 [Ecologically valid LLM responses

Testing cultural alignment effectively requires em-
bedding contextual and cultural elements in ways
that maintain ecological validity. At a high level,
eliciting values from an LLM consist of two steps:
1) Iteratively prompting the model with the se-
lected topics and 2) extracting the stances from
each model response.

Setting prompt context: Developing ecologi-
cally valid prompts requires careful consideration.
When evaluating LLM responses to value-laden
topics, simply asking questions like “What propor-
tion of people support topic X?” or “Do you support
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topic X?” proves inadequate (e.g., Rozado, 2024).
Such direct approaches suffer from three key lim-
itations: they generate false positives through ex-
cessive agreement, fail to reflect realistic usage
patterns, and provide insufficient variation to as-
sess cultural alignment (Rottger et al., 2024). They
also struggle to capture instance-specific harms that
emerge when systems misalign with users’ cultural
contexts (Rauh et al., 2022).

Instead, we adopt an implicit approach by asking
the model to generate responses from hypothetical
respondents. For example, prompting “imagine
surveying 10 random people on topic X. What are
their responses?” This method reveals the model’s
latent opinion distribution while avoiding the lim-
itations of direct questioning. Details for prompt
construction are provided in the supplementary ma-
terials.

Seeding cultural responses: Having a method
for eliciting distributions of values, the next step is
to seed culture. One typical way of seeding a spe-
cific culture is to explicitly instruct the LLM either
by mentioning a specific country (‘imagine survey-
ing 10 random Americans’) or through describing
specific personas (‘Imagine surveying a 85-year-
old Danish woman...”; AlKhamissi et al., 2024).
The problem with these demographic prompting
approaches is that they stray from actual uses
of LLMs. Users are unlikely to explicitly men-
tion their demographic information or nationality
(Zheng et al., 2023a).

Instead, we use language as a proxy for cultural
origin. For instance, a prompt in Danish is as-
sumed to come from a Dane. This approach creates
an intentional distinction in our analysis: we can
compare ‘language-level’ alignment (all speakers
of a language globally) with ‘country-level’ align-
ment (all people from specific nations where that
language is native). As argued by Havaldar et al.
(2023), users speaking a particular language would
expect culturally appropriate responses in that lan-
guage. For languages spoken in multiple countries,
this approach is intentionally ambiguous. The am-
biguity allows us to elicit the underlying ‘default’
alignment rather than the general ability to emu-
late cultures (Tao et al., 2024). We validate this
approach by showing that LLM responses exhibit
significantly lower self-consistency between lan-
guages compared to within languages, demonstrat-
ing that language impacts output (see the supple-
mentary materials). To create prompts across lan-

guages, we use gpt—3.5—turbo to translate our
original English prompts. Although previous liter-
ature has shown strong translation capabilities in
LLMs (Yan et al., 2024), we nonetheless manually
verify the translations.

Annotating and aggregating responses: Fi-
nally, to transform the LLMs’ hypothetical sur-
vey responses into vectors of stances, we use an
LLM-as-a-judge approach (Zheng et al., 2023b;
Guerdan et al.,, 2025). Specifically, we use
gpt-4.1-mini (OpenAl et al., 2025) to label
each substatement as either ‘pro’, ‘con’, or ‘null’
given the context of the topic and a representative
pro and con statement (generated with an LLM and
validated by the authors). We then calculate the
proportion of ‘pro’ versus ‘con’ responses as the
LLM’s value polarity score for the given statement.
For instance, a response with seven ‘pro’, one ‘con’,
and two ‘null’ statement would yield a value po-
larity score of 0.875 (%). A complete, unabridged
example can be found in the supplementary materi-
als. Formally, we label each substatement from the
full set of hypothetical statements, Gy 4, for topic
q and generation g as r. Furthermore, we label
the classifier as £(r). We then formalise the value
polarity score for a given instance of a generation
for a topic (VPSICZI;M) as shown in Eq. 2:

2 oreq, [ H(r) = pro]
> reG, L U(r) € {pro,con} ]’

VPSM = 2

These scores are then compared against the value
polarity scores from the WVS. Specifically, we
calculate the Spearman rank correlation to obtain
a measure of similarity between the LLMs’ re-
sponses and the value distributions of a given pop-
ulation.

To validate the LLM-as-judge, we manually an-
notate 200 statements. We iteratively refine the
prompts and the LLM used until we reach satisfac-
tory performance. We find a 91% agreement and a
mean absolute error for value polarity of 4.5% over
the dataset, ensuring consistent statistics between
LLM and human annotation (Guerdan et al., 2025).

3 Experimental Setup

To investigate whether improving the multilingual
capabilities of LLMs improves cultural alignment,
we set up an experiment using a carefully chosen
set of models and languages. We examine two
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Figure 3: Self-consistency in responses for LLMs and
WYVS countries. LLMs have lower self-consistency
than resampled WVS responses—shown by the dashed
lines—particularly in non-English languages.

different kinds of model improvements: scaling
and commercial product development. These cases
provide complementary perspectives on the effects
of multilingual capabilities on cultural alignment.
Scaling is the most well-studied path to improv-
ing LLMs (Kaplan et al., 2020; Ganguli et al.,
2022). Commercial product development, on the
other hand, comprises both scale and innovation in
post-training to accommodate different pressures
from capabilities, cost, and preferences (Kirk et al.,
2024a). For scaling, we use the instruction-tuned
Gemma models (Gemma et al., 2024) and OLMo-
2 models (OLMo et al., 2025), while for product
development, we use OpenAl’s turbo-series mod-
els (OpenAl, 2022; OpenAl et al., 2024a,b). We
provide details of these model families in §3.1. A
breakdown of the computational cost is in the sup-
plementary materials.

Languages: For the languages, we compare En-
glish with Danish, Dutch, and Portuguese. This
set allows us to test multiple assumptions about
cultural alignment. English represents a widely
used case: it is a global language with speakers
across many countries represented in the WVS (see
Fig. 2). This diversity allows us to assess whether
LLM:s align more strongly with US values or those
of other English-speaking nations.

Danish and Dutch serve as controlled test cases
since they are primarily used in a single country.
If cultural alignment stems from pre-training data,
models should show strong Danish/Dutch cultural
alignment when using these languages, despite

their small share of training data (Kreutzer et al.,
2022). Alternatively, if alignment emerges from
post-training processes—which are predominantly
English-based (Blevins and Zettlemoyer, 2022)—
responses in these languages should align more
with US values.

Portuguese presents an interesting case since it is
an official language in several countries. We inves-
tigate whether the LLM responses are more aligned
to Portugal or Brazil—two countries that show dis-
tinct value patterns in relation to each other and
the US (see Fig. 2). This allows us to test whether
an LLM aligns more strongly with one country’s
values, the aggregate values of all language users,
or US values.

For each language-model pair, we collect 300
prompt-response pairs to power our statistical anal-
ysis sufficiently (see §3.2). After filtering out re-
sponses that either lacked the required hypothetical
survey format or were in a language other than
the prompt, we obtained between 111-299 valid
responses per combination. We calculate the corre-
lation in value polarity scores at three levels: coun-
try (e.g., US or Denmark), language (pooling all
speakers of a given language), and global (weighted
values from all WVS/EVS participants).

3.1 Models

We examine three model families representing dif-
ferent development approaches: Gemma (Gemma
et al., 2024) and OLMo (OLMo et al., 2025) for
improvements through scaling and OpenAlI’s turbo
series for commercial product development, com-
bining scaling with post-training improvements
(OpenAl, 2022; OpenAl et al., 2024a,b). Other pre-
liminary experiments included different versions of
LLaMA models (Touvron et al., 2023) and Mistral
models (Jiang et al., 2023). However, these mod-
els either failed to consistently follow instructions
or always answered in English regardless of the
prompt language. See the supplementary materials
for a more thorough description of the LLMs.

3.2 RQI1: Multilingual Cultural Alignment

To statistically assess whether improving the mul-
tilingual capabilities of LLMs improves cultural
alignment, we construct a linear mixed-effects re-
gression (LMER; Luke, 2017) based on the experi-
mental setup described above. Our LMER follows
standard practices and has three core components:

¢ Core coefficient: The coefficient of interest
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Figure 4: Language capability (x-axis) vs cultural align-
ment scores (y-axis) across languages. Stars indicate
significance (p < .05) in our linear mixed-effects regres-
sion of multiple runs (See §3.2). OpenAl models (blue)
and OLMo models (red) show negative/insignificant
relationships outside of English, while the Gemma
models (green) show positive relationships throughout
(p < .05).

is the three-way interaction between model
family, language, and multilingual capability.
This tests whether the multilingual capabil-
ity—alignment relationship differs by model
family and response language, directly ad-
dressing RQ1.

* Random effects: We include a model-specific
random intercept «; to account for repeated
measures of cultural alignment for the same
LLM. This models variation between LLMs
and can improve efficiency over standard lin-
ear regressions (Luke, 2017).

* Control for self-consistency: We include
a consistency-by-language term to help en-
sure that higher alignment scores reflect gen-
uine cultural adaptation rather than reduced
response noise, which can inflate scores (Kah-
neman et al., 2021).

We calculate self-consistency as the Spearman
correlation between value polarity scores (defined
in §2) of repeated responses to identical topics, ad-
justed by the reliability of the LLM annotation (see
§2.2; Charles, 2005). A score of 1.0 indicates per-

fect consistency; 0.0 indicates random responses.
Population-level resampling of the human WVS
responses yields values between 0.66 and 0.84 (see
Fig.3 and the supplementary materials).

Formally, the model is specified in Eq. 3:

CA; ~ N (i, 02),
pi = ) + B Xeons,i X1,i
+ Brim Xm,iX5i X1,
j=1,...,J

3)
aj ~ N(MQ,O'E{),

where 7 indexes responses and j[i] denotes the
LLM producing response i. Here Xcops ; is the self-
consistency score for response 7, X ; is the set of
language indicators, Xt ; is the set of model-family
indicators, and X, ; is the multilingual capability
score. The residual variance o2 represents within-
LLM variation in alignment scores not explained by
the fixed effects or model-specific intercept, while
o2 represents between-LLM variation in average
alignment.

The above statistical model allows us to analyse
the relationship between multilingual capabilities
and cultural alignment in model families at the level
of individual languages. For example, we might
find that multilingual capabilities improve cultural
alignment for Gemma models for Danish but not
for Dutch or vice versa.

3.3 RQ2: US-Centric Bias

We analyse model bias by comparing cultural align-
ment between US and local values, where “local”
refers to values in the country or countries where
a given language is natively spoken. We define
US-centric bias as an LLM showing higher cultural
alignment with US value distributions compared to
local ones. To quantify this bias, we use a linear re-
gression model that measures the differential effect
of US versus local value alignment:

CA = By + B1(US)

+ 3N Bu(m x 1)

meM leL “4)

+ Z Zﬂgﬁ(USxmxl)—i—e

meM IeL

The regression’s intercept (Jy,i.e., the base case)
is a baseline that produces uniformly random value
polarity scores. M is the set of models and L is the
set of languages. US is a boolean feature denoting
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whether the cultural alignment is to the US (if 1)
or the local values (if 0). We primarily analyse the
coefficients with US (6%? ) since these provide the
partial effect of US-centric bias, i.e., how much
more/less a given LLM is aligned to US rather than
local values. Assumption checks for the regression
can be seen in the supplementary materials.

4 Results

4.1 Multilingual Cultural Alignment (RQ1)

We first examine the stability of LLMs’ cultural
values. For LLMs lacking stable internal values,
apparent improvements in cultural alignment may
reflect reduced response variance rather than gen-
uine advances (Rottger et al., 2024; Kahneman
et al., 2021). We therefore analyse both the self-
consistency of LLM responses and how alignment
changes with model improvements.

LLMs have low self-consistency: We find low
self-consistency scores across all models and lan-
guages compared to human responses in the WVS
data (Fig. 3). In contrast, LLMs show gener-
ally lower self-consistency compared to the hu-
man responses, even in English, where instruction-
following capabilities are strongest due to English-
dominated training data. (OpenAl et al., 2024a;
Gemma et al., 2024; OLMo et al., 2025).

This lower self-consistency complicates our cul-
tural alignment analysis (Wright et al., 2024).
Drawing on Kahneman et al. (2021)’s noise frame-
work, we recognise that inconsistent responses can
be as detrimental as bias with respect to the ac-
curacy of the analysis. To address the noise, we
employ larger sample sizes and incorporate consis-
tency controls in our regression analyses.

Multilinguality does not imply cultural align-
ment: The relationship between model improve-
ments and cultural alignment varies substantially
across languages and model families (Fig. 1). For
Gemma, there is a strong and significant positive
relationship between multilingual capabilities and
cultural alignment for all languages. In contrast,
the relationships for the GPT-Turbo models are
either insignificant or negative. For Dutch and
Danish the relationships are insignificant (Sgp,n1 =
0.049, p = 0.589,8gpt,da = 0.053, p = 0.522), and
for Portuguese and English the effect is signifi-
cant and negative (Bgpren = —0.24,p = 0.009,
Beptpt = —0.30,p < 0.001). Similarly for
OLMo, the relationship is positive for Danish and

Dutch (BoLmo,da = 0.44,p < 0.001, SoLmon =
0.29,p < 0.001) and insignificant for English
and Portuguese (Bormoen = 0.068,p = 0.115,
BoLMo,pt = 0.008, p = 0.825).

The mismatch between multilingual perfor-
mance and cultural alignment could suggest a
capability threshold: multilingual improvements
might provide rudimentary instruction following
skills (Nie et al., 2024), but beyond a point, other
factors—such as the preferences of developers and
annotators—dominate (Kirk et al., 2024b). This
could explain the smaller open weights models’
higher coefficients than the gpt-turbo models (see
Fig. 4 or Fig. 1). Further work is needed to under-
stand alignment at the sub-national level.

Furthermore, the strong effect of self-
consistency (0.405 < Beonsistency < 0.723,p <
0.001) compared to multilingual -capability
suggests that noise remains a major limiting factor
in analysing cultural alignment. This aligns with
broader findings about the instability of LLM value
elicitation (Rottger et al., 2024; Khan et al., 2025).
Moreover, even the highest observed alignment
scores (around 0.7; see Fig 4) indicate substantial
room for improvement in how well LLMs match
human cultural values and behaviours.

In conclusion, our analysis reveals a complex
relationship between model improvements and cul-
tural alignment. Although some languages show
progressive improvements in cultural alignment
from model scaling or iterative commercial devel-
opment, others show minimal or inconsistent im-
provements. These findings, combined with the
relatively low self-consistency of LLM responses,
demonstrate that improved multilingual capability
does not guarantee better cultural alignment.

4.2 US-centric Bias (RQ2)

Here, we answer RQ2 by examining US bias across
languages. Specifically, we investigate relative
alignment between local and US values (Fig. 5).
Our analysis reveals distinct patterns of US-
centric bias across both languages and model fam-
ilies (Fig. 5). Languages show different suscepti-
bilities to US bias: only one of nine LLMs exhibits
US-centric bias in Danish, all in English, all in Por-
tuguese, and none in Dutch. Note that for English,
these results mean that the LLM, on average, is
relatively more aligned to US values compared to
other English-speaking countries like Kenya or the
United Kingdom. See the supplementary materials
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Figure 5: US-centric bias coefficients across LLMs and
languages (Bpiqsus); see Eq. 4). Error bars are stan-
dard errors from the regression. Positive values indicate
the presence of US-centric bias.

for detailed results.

The overarching pattern is that languages spoken
across countries (English and Portuguese) show
US-centric bias, whereas languages spoken in only
one country (Danish and Dutch) show less US-
centric bias. This supports the hypothesis that
homogeneity in the training data can counteract
US-centric bias—at least for medium-resourced,
Western-European languages.

For LLMs, some specific LLMs seem more
prone to bias across languages. Specifically,
the small gemma—-2-2b-1it exhibits higher US-
centric bias across every language except Dutch.
Beyond that, we see no clear progressions in US-
centric bias within any family.

In conclusion, language seems a stronger indica-
tor of US-centric bias in LLMs compared to LLM
development. Monocultural languages show in-
significant to negative bias, while English and Por-
tuguese show significant US-centric bias. Within
each LLM family, we find no consistent nor sig-
nificant change in US-centric bias across LLM
versions. These findings underscore the complex
relationship between multilingual capability and
alignment.

5 Related Work

Recent work emphasizes the need for systematic
auditing of LLMs’ cultural alignment, particularly
as these models are deployed globally (Kirk et al.,
2024a; Mokander et al., 2024; Kirk et al., 2024b).
Prior empirical approaches have primarily taken
two paths: using transformations based on Hofst-
ede’s cultural dimensions framework or directly
comparing against survey responses. Studies us-
ing Hofstede’s dimensions (Masoud et al., 2025;

Cao et al., 2023) provide structured cross-cultural
comparisons through latent variable analysis. How-
ever, these studies assume that LLMs’ latent dimen-
sions map directly onto human dimensions, since
they use formulas calibrated for humans—an as-
sumption that warrants scrutiny (Shanahan, 2024;
Schroder et al., 2025).

Recent work has explored using LLMs to sim-
ulate responses for assessing cultural alignment
(Tao et al., 2024; AlKhamissi et al., 2024; Havaldar
et al., 2023). Similarly to our work, these works
show that LLMs struggle to represent underrep-
resented personas (AlKhamissi et al., 2024) and
emotions (Havaldar et al., 2023) for non-English
languages. Prior approaches focused on individual-
level responses. In contrast, our method generates
distributions of opinions across hypothetical sur-
vey participants, enabling direct comparison with
population-level statistics. This distribution-based
approach offers three key advantages. First, it bet-
ter captures the inherent variation in cultural values
within populations, paving the way for investigat-
ing distributional alignment (Sorensen et al., 2024).
Second, it enables principled statistical comparison
against large-scale survey data like the World Val-
ues Survey (EVS/WVS, 2022). Finally, the frame-
work is easy to extend to new languages by auto-
matically translating the prompts. We detail our
quantitative framework for measuring alignment
with observed population distributions in §2.

There is also an increasing body of work inves-
tigating political biases in LLMs (Réttger et al.,
2024, 2025; Rozado, 2024). Much of this work also
relies on human political surveys like the Political
Compass Test. However, recent work has called for
increased attention to how the randomness inher-
ent in LLM decoding at non-zero temperatures can
create instability in attributes (Rottger et al., 2024;
Wright et al., 2024; Khan et al., 2025). We expand
on this work by including multilingual perspectives
and constructing prompts with a wide range of vari-
ations (see §2). These prompt variations, combined
with statistically accounting for self-consistency in
our statistical analysis (see §3.2), allow us to get a
more robust measure of cultural alignment.

The relationship between model capabilities
and cultural alignment remains understudied. Un-
like general performance metrics that follow pre-
dictable scaling laws (Kaplan et al., 2020), cultural
alignment may not improve systematically with
model capabilities. This aligns with research show-



ing micro-level capabilities can be discontinuous
with scale (Ganguli et al., 2022). The challenge
is compounded in multilingual settings (Hoffmann
et al., 2022), where static benchmarks with single
correct answers fail to capture how cultural values
are distributed across different topics and contexts.

Previous work has focused primarily on English-
language performance (Tao et al., 2024) or indi-
vidual LLMs (Arora et al., 2023; Cao et al., 2023).
Our work extends this by examining how cultural
alignment systematically varies within model fam-
ilies and across languages, providing insight into
how different development approaches—scaling
and commercial product development—influence
cultural representation capabilities.

There is already progress on improving the cross-
cultural participation in alignment data. Two no-
table projects are PRISM and AYA (Kirk et al.,
2024b; Ustiin et al., 2024). PRISMis a large dataset
of conversational preferences from a diverse par-
ticipant pool. While the data is predominantly in
English, it could be an important resource for bet-
ter understanding and modelling diverse cultural
preferences. The AYA dataset is a massively multi-
lingual instruction fine-tuning dataset. AYA could
provide further means of realising the demonstrated
benefits of multilingual training (Nie et al., 2024).

6 Conclusion

Increased multilingual capabilities do not guaran-
tee improved cultural alignment in Large Language
Models. Through systematic comparison of three
model families—Gemma, OLMo, and OpenAlI’s
GPTs—we find that the relationship between im-
provements in multilingual capability and cultural
alignment is complex. While some languages show
clear improvements in alignment with increased
model capabilities (e.g., Danish), others exhibit
inconsistent patterns, suggesting that cultural align-
ment does not automatically follow gains in mul-
tilingual capabilities. Our distribution-matching
methodology using World Values Survey data en-
abled the detection of these nuanced patterns across
languages and cultural contexts.

We also find that, contrary to popular discourse,
LLMs do not exhibit US-centric bias across all
languages; in Danish and Dutch, they align more
closely with the values of Denmark and the Nether-
lands, respectively, than with the US. This fits with
the hypothesis that more culturally uniform data
leads to less US-centric bias. Both English and Por-

tuguese are spoken in multiple countries, whereas
Dutch and Danish are predominantly spoken in one.
To further validate this claim, future work could
include other multi-cultural languages (like Span-
ish or Swabhili) and monocultural languages (like
Japanese)—especially with a wider geographical
reach to preclude European bias.

Our findings highlight that improving cultural
alignment requires dedicated effort beyond general
capability scaling. Future work should focus on
developing techniques that can better handle align-
ment with distributions of cultural values rather
than single points, while ensuring meaningful par-
ticipation from diverse communities in LLM devel-
opment. As these models continue to reach wider
audiences spanning many geographic and cultural
regions, achieving robust cultural alignment be-
comes increasingly crucial for equitable deploy-
ment.
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