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Abstract

Large Language Models (LLMs) are increas-
ingly deployed across linguistically and cultur-
ally diverse societies, yet evaluations of value
alignment remain largely grounded in synthetic
benchmarks and normative assumptions. We
introduce a population-grounded framework
for evaluating multilingual LLM alignment
using the European Values Survey (EVS), a
large-scale longitudinal study of societal val-
ues across Europe. Treating LLMs as survey
respondents, we prompt them with EVS ques-
tions in multiple European languages and com-
pare model and human response distributions.
We analyse correspondence at both country and
language-family levels and construct a human
value space from EVS responses. Our results
show that language families capture a meaning-
ful component of human cross-cultural value
variation and provide an informative level of ag-
gregation for multilingual evaluation. The stud-
ied LLMs exhibit substantial diversity within
this space, occupying distinct regions of the
European value landscape rather than converg-
ing towards a single value profile. By ground-
ing alignment in observed population responses
rather than normative prescriptions, we provide
a transparent and reproducible framework for
analysing value-related behaviour in multilin-
gual LLMs.

1 Introduction

Large Language Models (LLMs) are increasingly
deployed across linguistically and culturally di-
verse settings, raising concerns about how their
behaviour relates to the social and cultural contexts
in which they operate (Bommasani et al., 2021;
Bender et al., 2021). These concerns are particu-
larly relevant in multilingual settings, where model
responses may vary substantially across languages
due to differences in training data, language cov-

erage, and culturally situated patterns of expres-
sion (Nie et al., 2024).

Recent work has explored value alignment in
LLMs, typically evaluating whether model outputs
conform to predefined moral principles, ethical
guidelines, or human preferences (Scherrer et al.,
2023; Zheng et al., 2024; Ruan et al., 2024). How-
ever, many existing approaches rely on synthetic
scenarios, manually designed questionnaires, or
English-centric evaluations, limiting their ability to
capture real-world cultural variation.

This raises a fundamental question: how can
multilingual LLM behaviour be evaluated against
value systems observed in human populations?

We address this question from a descriptive
rather than normative perspective. We define de-
scriptive alignment as the correspondence between
distributions of responses generated by LLMs and
those observed in human populations when ex-
posed to the same survey instrument. Alignment
is therefore treated as an observable property of
model outputs rather than a predefined optimisa-
tion target.

To operationalise this perspective, we leverage
the European Values Survey (EVS), a large-scale
longitudinal study of societal values across Eu-
rope (Barber and Jennings, 2019; European Values
Study, 2024). We treat LLMs as survey respon-
dents, prompt them with selected EVS items in mul-
tiple European languages, and compare resulting
value profiles with empirically observed human re-
sponse distributions. Unlike synthetic benchmarks,
EVS provides representative population-level mea-
surements spanning multiple countries, languages,
and value domains (Halman et al., 2008).

Given the existing evidence that multilingual
LLM behaviour may vary across languages (Nie
et al., 2024; Lerner and Yvon, 2025), we anal-
yse alignment at both country and language-family
levels, treating language families as an interme-
diate analytical granularity that captures broader
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linguistic-cultural structure beyond national bound-
aries.

The contributions of this work are threefold:

• A population-grounded framework for evalu-
ating multilingual LLM alignment using EVS.

• A reproducible methodology for compar-
ing human and model response distributions
across languages.

• An empirical analysis showing that language-
family structure captures a detectable compo-
nent of European value variation, while multi-
lingual LLMs occupy heterogeneous regions
of the resulting value space.

To foster transparency and reproducibility, we
release the code and data used in this study.1

2 Theoretical Foundations of Cultural
Alignment

Prior work on cultural bias has largely converged
around three complementary notions of culture: so-
cietal values, ideology, and regional knowledge,
illustrated in Figure 1. These perspectives capture,
respectively, shared norms and value systems, po-
litical and moral worldviews, and geographically
situated knowledge and conventions, providing a
useful framework for understanding cultural varia-
tion in LLMs.

Figure 1: Overview of the three major notions of cultural bias
studied in the literature: societal values, ideology, and regional
knowledge.

Recent work has operationalised these no-
tions through different evaluation methodolo-
gies. Studies on societal values compare model
responses against value-oriented questionnaires,
cross-cultural value systems, or population-level
surveys to assess whether LLMs reflect shared hu-
man norms or culturally specific tendencies (Tao

1Code and data available at: https://github.com/Telefonica-
Scientific-Research/evs-llm-alignment

et al., 2024; Inglehart and Welzel, 2005; Scher-
rer et al., 2023; Durmus et al., 2024). Related
work on ideology evaluates the consistency of po-
litical and moral positions across languages, show-
ing that multilingual models may express different
viewpoints depending on the language of interac-
tion (Lerner and Yvon, 2025; Buyl et al., 2026). A
third line of work studies regional knowledge and
culturally sensitive evaluation, highlighting sub-
stantial variation across languages and benchmarks
due to differences in training data and cultural cov-
erage (Nie et al., 2024; Singh et al., 2025).

More recently, multilingual studies have shown
that responses to value-laden questions can vary
substantially across languages and cultural con-
texts (Vida et al., 2025; Labat et al., 2026; Rystrøm
et al., 2025). Collectively, these findings highlight
a broader tension between alignment and cultural
pluralism: while normative alignment seeks consis-
tency with predefined objectives, a uniform align-
ment strategy may inadvertently privilege value
systems associated with WEIRD populations at the
expense of alternative cultural perspectives (Zhou
et al., 2025).

Despite this progress, most existing approaches
rely on synthetic scenarios, expert-designed
questionnaires, or limited multilingual bench-
marks (Scherrer et al., 2023; Zheng et al., 2024;
Vida et al., 2025). Although recent survey-
grounded evaluations have demonstrated the value
of comparing model outputs against population-
level opinions and cultural values (Durmus et al.,
2024; Tao et al., 2024; Labat et al., 2026), there
remains a lack of frameworks combining represen-
tative societal-value measurements, multilingual
analysis, and population-level distributional com-
parison across European countries and language
families.

3 Research Questions and
Methodological Framework

This work investigates whether multilingual LLMs
reproduce patterns of societal values observed in
European populations and how such correspon-
dence varies across linguistic and cultural contexts.
We approach this problem as one of descriptive
alignment, defined as the measurable correspon-
dence between the distribution of responses gener-
ated by an LLM and the distribution of responses
observed among human respondents when both are
exposed to an equivalent survey instrument.
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Unlike normative conceptions of alignment,
which evaluate whether model behaviour conforms
to predefined ethical objectives, descriptive align-
ment seeks to characterise, rather than prescribe,
the relationship between model outputs and empiri-
cally observed societal values.

3.1 Research Questions

The following three primary research questions
guided this work:

• RQ1 – Human value structure. What cul-
tural structure emerges from European Val-
ues Survey (EVS) responses when analysed
at different levels of aggregation, including
countries and language families?

• RQ2 – Value representation in multilingual
LLMs. How are societal values represented
across multilingual LLMs when responding
to EVS items in different languages?

• RQ3 – Descriptive alignment. What pat-
terns of correspondence and divergence exist
between human and LLM value profiles, and
how are these patterns influenced by linguistic
context and model characteristics?

3.2 Overview of the Proposed Framework

Figure 2 summarises the proposed three-stage eval-
uation framework. We first characterise human
values from EVS data, then evaluate multilingual
LLMs using the same questionnaire, and finally
quantify descriptive alignment through distribu-
tional and geometric correspondence measures.

3.3 Stage 1: Characterising Human Value
Structure

The first stage establishes the empirical reference
against which model responses are compared. We
use data from the most recent wave of the Euro-
pean Values Survey (EVS), a large-scale survey
programme measuring societal values across Euro-
pean countries using standardised questionnaires.

3.3.1 Selection of Value-Oriented Survey
Items

We retain EVS items measuring normative beliefs
and attitudes (e.g., trust, tolerance, democratic val-
ues, work ethics, and social norms) while excluding
questions requiring personal experience or demo-
graphic characteristics. This filtering step facili-
tates meaningful comparison between human and
LLM responses.

3.3.2 Mapping the European Value Space
Country-level value profiles are obtained by aggre-
gating normalised EVS response distributions and
projecting them into a PCA-derived value space.
This representation provides both an interpretable
view of cultural variation and a common coordinate
system for human–LLM comparison.

3.3.3 Cultural Cohesion and Cultural
Granularity

Beyond the available granularity at the country-
level, we also studied the results at the level of
language families. This additional granularity
provides an interpretable, stable and reproducible
grouping criterion closely related to long-term
channels of cultural transmission. The objective is
not to claim that language families fully explain cul-
tural variation, but to evaluate whether they capture
cross-country value patterns that are not apparent
when analysis is restricted to individual countries.

Using language families as cluster labels, we
evaluate cultural cohesion in the PCA-derived
value space through within- and between-family
distances. Higher cohesion is reflected by compact,
well-separated clusters.

3.4 Stage 2: Prompting Multilingual LLMs
with EVS Questionnaires

The EVS questionnaire is converted into a struc-
tured machine-readable representation and admin-
istered to multiple multilingual LLMs under stan-
dardised prompting conditions. We evaluate repre-
sentative European (e.g., Apertus, EuroLLM, Min-
iMistral, Alia), American (Gemma variants, Phi4-
mini, Llama and Aya variants), and Chinese (Qwen
variants, DeepSeek distilled) LLMs. We evaluate
a diverse set of European, American, and Chinese
multilingual LLMs differing in architecture, scale,
and alignment strategies. Model details are pro-
vided in Appendix 7.4.

3.4.1 Language-Dependent Instruction
Language-specific prompts were instantiated from
a common template and translated into the target
survey languages. Each prompt includes the ques-
tion text, response scale, and a constrained output
format to ensure comparability across languages.

3.4.2 LLM-based Survey Parsing
Questionnaires were parsed into a structured
machine-readable format using an LLM-assisted
extraction pipeline. The resulting representations
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Figure 2: Overview of the proposed population-grounded evaluation framework. Human value distributions extracted from the
European Values Survey (EVS) are first analysed at country and language-family levels. Multilingual LLMs are then administered
the same survey items with explicit instructions to respond in a particular language, and their responses are aggregated into
comparable value profiles. Finally, descriptive alignment is quantified through distributional correspondence metrics, enabling
the analysis of how model behaviour reflects, smooths, or diverges from observed societal value patterns.

were validated through rule-based consistency
checks and subsequently used as the canonical in-
put for multilingual prompting. Complete details
are provided in Appendix 7.1

3.5 Stage 3: Measuring Descriptive Alignment

We quantify descriptive alignment using distribu-
tional correspondence measures, including Wasser-
stein distance, agreement metrics, and distances
in the learned value space. To do so, we first
compare human and model response distributions
across EVS variables. Next, we investigate the
impact of multilinguality through language-family-
level analyses of model value profiles. Finally,
we move beyond value representation to explore
action-oriented behaviour, opening a promising av-
enue for future research.

4 Results

This section presents the empirical findings ob-
tained by applying the proposed framework to both
human responses from the EVS and multilingual
LLMs. We first analyse the structure of societal
values in the human data (RQ1), then characterise
the value profiles generated by multilingual LLMs
(RQ2), and finally evaluate descriptive alignment
between human and machine response distributions
(RQ3).

4.1 RQ1: Structure of European Societal
Values

Our first objective is to identify the level of cultural
aggregation that provides the most informative rep-
resentation of societal values in Europe.

4.1.1 Mapping the European Value Space

Figure 3 presents the PCA projection obtained from
aggregated EVS response profiles.

The first two principal components explain
45.0% of the variance (PC1: 35.0%, PC2: 10.0%).
Inspection of component loadings suggests that
PC1 is associated with dimensions commonly in-
terpreted as traditionalist versus progressive value
orientations, whereas PC2 is associated with items
related to civic and societal engagement (see Ap-
pendix 7.3.1 for loading details). These interpre-
tations should be understood as descriptive sum-
maries of the observed loading structure and not as
definitive sociological constructs.

4.1.2 Cultural Cohesion Across Countries and
Language Families

Figure 4 summarises the consensus analysis based
on the clustering structure of the PCA-derived
value space. Cohesion is assessed by comparing
the average distance between countries belong-
ing to the same language-family cluster (within-
cluster distance) with the average distance between
countries belonging to different language families
(between-cluster distance).

The results indicate that language families form
partially separated clusters in the PCA-derived
value space, with substantially lower within-
family than between-family distances (7.54 vs.
13.23). The average within-family distance is also
markedly lower than the country-level pairwise
baseline (µ = 11.81), indicating stronger value
cohesion among countries belonging to the same
language family. Conversely, between-family dis-
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Figure 3: PCA representation of the distinct countries in the dataset according to their normalised average response score for
each question in the survey.

Figure 4: Within-family cohesion and between-family separa-
tion across language families in the PCA-derived value space.

tances exceed the baseline, suggesting meaningful
differentiation across language families.

These findings suggest that language families
capture a detectable, although not exclusive, com-
ponent of the cultural variation represented in the
EVS value space. As an intermediate granular-
ity between countries and Europe-wide aggregates,
they reveal cross-cultural patterns that are less ap-
parent at the country level alone. Motivated by this
observation, the subsequent analyses focus primar-
ily on the language-family setting.

4.1.3 Human Value Profiles Across Topics and
Language Families

Figure 5 summarises the aggregated value profiles
across language families. Human responses ex-
hibit substantial variation across thematic domains,

revealing a heterogeneous value landscape rather
than a uniform cultural profile. The largest differ-
ences are observed in domains such as Environ-
ment, National Identity, and Work, whereas other
themes show greater cross-family consensus.

Environment
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Perceptions of
Life
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Society

Religion and
Morale

Work

0.25
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Germanic

Others
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Figure 5: Average normalised human response score for each
questionnaire topic. Values closer to 0 indicate stronger sup-
port for the corresponding value dimension, whereas values
closer to 1 indicate stronger disagreement. The normalisa-
tion enables direct comparison across topics with different
response scales.

At the same time, noticeable dispersion remains
within several categories, indicating that language-
family aggregation captures meaningful regulari-
ties while preserving substantial cultural diversity.
These patterns establish the human baseline against
which multilingual LLMs are evaluated in the fol-
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lowing section.

4.2 RQ2: Value Representation in
Multilingual LLMs

4.2.1 Model-Level Value Profiles
Projecting LLM value profiles into the human-
derived PCA space reveals substantial heterogene-
ity across models. As shown in Figure 6, model
centroids, computed as the weighted mean across
all evaluated languages, are dispersed throughout
the latent value space rather than concentrated
around a common region.

While some models remain relatively close to
human country–language anchors, others occupy
markedly different positions, indicating varying
degrees of correspondence with observed human
value structures. This variability is reflected in the
distribution of nearest-anchor distances, with a me-
dian of 2.91 and a maximum of 11.81. Overall,
the results suggest that contemporary multilingual
LLMs do not converge towards a single value pro-
file. Instead, they occupy diverse regions of the
EVS-derived representation, pointing to a partial
mismatch between the structure of variation ob-
served in human populations and that exhibited by
LLMs.

Although clear model’s family-level groupings
are not apparent, several notable trends emerge.
Qwen models span a broad range of the value space,
revealing substantial within-model family diver-
sity. In contrast, models grouped under the Others
model category are concentrated primarily in the
upper-left quadrant. A similar tendency is observed
among European models, with two-thirds (6/9) oc-
cupying this region, whereas American and Chi-
nese models are distributed more broadly across
the upper-left and lower-right quadrants. These
observations suggest that value-profile variation is
not strongly determined by model family alone and
may instead reflect a combination of training data,
model design, and alignment procedures.

4.2.2 LLM Value Profiles Across Topics
Figure 7 presents the aggregated LLM profiles
alongside the human language-family baseline
from Figure 5. While LLMs broadly reproduce
the overall thematic structure observed in human
responses, systematic deviations emerge in spe-
cific domains. The largest discrepancy is observed
for Environment, whereas Family, Religion and
Morale, and Politics and Society exhibit substan-
tially closer alignment.

In contrast to the human analysis, category
scores are considerably more homogeneous across
topics, suggesting that LLMs smooth part of the
variation observed in human populations. Across
all categories, LLM responses exhibit a mean score
of 0.431 and a standard deviation of 0.097, indicat-
ing a substantially more compressed value profile.
Despite this overall smoothing effect, considerable
variability remains across language families. Dis-
persion is highest in Environment, and National
Identity, which are also part of the domains show-
ing the largest deviations from the human baseline.
This correspondence suggests that the dimensions
exhibiting the strongest human cultural differen-
tiation are also those where multilingual LLMs
diverge most from observed population values. No-
tably, the strongest human–LLM disagreement is
concentrated in the Environment domain, where
LLMs consistently express less supportive posi-
tions than their human counterparts.

4.3 RQ3: Descriptive Alignment Between
Human and Machine Values

The final stage of the analysis quantifies descriptive
alignment by directly comparing human and model
response distributions across languages and value
dimensions. Rather than focusing on a single align-
ment score, we examine multiple complementary
measures capturing distributional correspondence,
geometric proximity in the PCA space, and sensi-
tivity to linguistic context. Together, these metrics
provide a multidimensional view of alignment and
reveal substantial variability across both models
and value domains.

4.3.1 Descriptive Alignment
We quantify descriptive alignment by comparing
human and LLM response distributions across the
selected EVS variables. For each model and lan-
guage family, we compute distributional distances
relative to the corresponding human baseline. Un-
like the PCA analysis, which evaluates proximity
in the learned value space, this approach measures
whether models reproduce the shape and variabil-
ity of human response distributions. Table 1 re-
ports the average correspondence scores across
models, where lower Wasserstein distances indi-
cate stronger alignment.

The obtained Wasserstein distances reveal mod-
erate variation across language families, with Balto-
Slavic (0.2327) and Romance (0.2552) exhibiting
the closest correspondence to human response dis-
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Figure 6: PCA representation of multilingual LLM value profiles projected into the human-derived value space. Country-
language anchors are shown in the background for reference.

Environment

Family

National
Identity

Perceptions of
Life

Politics and
Society

Religion and
Morale

Work

0.25

0.50

0.75

1.00

Average ± Std: 0.431 ± 0.097

Balto-Slavic
Germanic

Others
Romance

Uralic

Figure 7: Average normalised LLM responses per topic and
language family. Values closer to 0 and 1 indicate stronger
support and disagreement respectively.

tributions, and Uralic showing the largest diver-
gence. These results provide a complementary
perspective to PCA-based analyses: models that
appear close in the value space may still differ
distributionally by smoothing, compressing, or am-
plifying patterns of response variability.

To assess the role of language, Figure 8 com-
pares language-family centroids in the human-
derived PCA space. Relative to the dispersion ob-
served among individual models, language-family
centroids occupy a considerably more compact re-

Language Family Wasserstein ↓ Responses

Balto-Slavic 0.2327 85,251
Romance 0.2552 35,317
Germanic 0.2626 29,246
Others 0.2724 24,443
Uralic 0.3025 13,754

Table 1: Distributional correspondence between LLM and
human response distributions across language families. Lower
Wasserstein values indicate stronger alignment.
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Figure 8: PCA representation of Human and LLM centroids
projected into the human-derived value space. Country-
language anchors are shown for reference.

gion, suggesting that a substantial proportion of the
observed variation is attributable to model-specific
effects rather than language alone.

Nevertheless, all language-family centroids re-
main displaced from their human counterparts (av-
erage Euclidean distance: 8.97). Although the
relative ordering of language families is partially
preserved, family-level aggregation captures broad
cultural structure without fully reproducing human
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value profiles. Comparison with Table 1 further
shows that distributional agreement does not nec-
essarily imply proximity in the PCA space.

For example, Other European and Romance lan-
guage families achieve relatively low Wasserstein
distances while remaining substantially displaced
in the PCA projection, suggesting that human–
LLM differences are concentrated in the value
dimensions that contribute most strongly to the
learned value space.

4.3.2 From Value Representations to
Downstream Decisions

An important open question is whether survey-
derived value profiles translate into downstream
behaviour when LLMs are used as components
of decision-support systems. While the proposed
framework measures response tendencies in a con-
trolled setting, such tendencies may influence rec-
ommendations, rankings, or decisions generated in
practical deployments.

As an illustrative example, consider the follow-
ing adoption-support scenario, related to EVS-v82,
which asks for agreement on Homosexual couples
being as good parents as other couples, which is
detailed in Table 2:

Scenario: A committee must select a couple for adop-
tion. A same-sex couple and a heterosexual couple have
comparable stability, experience, and resources.

Option A: Consider both couples equally suitable and
equally likely to be selected.
Option B: Prefer the heterosexual couple.

Required output: Return either “A” or “B”.

Table 2: Illustrative decision-support scenario related to equal
treatment and non-discrimination principles.

When presented with this scenario, two models
exhibiting strong divergence in the Family dimen-
sion of our analysis produced different responses:
Salamandra selected “B”, whereas Gemma-4-E4B
selected “A”. Although a single example should not
be overinterpreted, it illustrates how differences ob-
served in survey-based evaluations may manifest
in downstream recommendations.

Understanding the relationship between survey-
derived value profiles and observable system be-
haviour therefore represents an important direction
for future work.

5 Discussion

Our findings suggest that multilingual alignment
cannot be adequately characterised through a single
global correspondence measure. Instead, alignment
varies across linguistic and cultural contexts, high-
lighting the importance of evaluating multilingual
models beyond English-centric settings.

Language families emerge as a useful interme-
diate level of analysis between countries and pan-
European aggregates. While they do not fully ex-
plain cultural variation, they capture meaningful
cross-country patterns that are less apparent at the
country level alone. The observed clustering of
human value profiles and the partial preservation
of language-family structure in LLM responses in-
dicate that multilingual alignment is better under-
stood as a property of model–language interactions
rather than of the underlying model in isolation.

More broadly, the proposed framework treats
alignment as descriptive correspondence rather
than normative conformity. Under this perspec-
tive, agreement with population-level responses
should not be interpreted as evidence of ethical
correctness, nor should divergence necessarily be
viewed as failure. Instead, the framework provides
a population-grounded lens for characterising how
multilingual LLMs relate to observed societal val-
ues. The substantial diversity observed across mod-
els further suggests that contemporary LLMs do
not converge towards a single value profile, even
when evaluated using a common survey instrument.

Importantly, the framework does not measure
intrinsic values. Rather, it captures stable response
patterns shaped by training data, alignment proce-
dures, and prompting conditions. While the rela-
tionship between these representations and down-
stream system behaviour remains largely unex-
plored, the observed differences motivate future
research on whether value-profile variation trans-
lates into differences in recommendations, expla-
nations, or decision-support systems.

5.1 Limitations

Several limitations apply. EVS captures self-
reported attitudes through a single operationalisa-
tion of societal values, while LLM responses reflect
learned statistical patterns rather than intrinsic be-
liefs. In addition, alignment estimates may vary
with prompting and language choices, and findings
may not generalise beyond the European context.
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7 Appendix

7.1 Appendix A: Parsing the EVS Survey
To obtain a structured, machine-readable represen-
tation of the EVS questionnaire, we parse the origi-
nal survey PDFs into a normalised CSV format us-
ing a local LLM-assisted extraction pipeline based
on google/gemma-4-31B-it (Google DeepMind,
2026). This preprocessing step converts archival
questionnaire documents into a format suitable for
multilingual survey administration.

The pipeline processes complete language-
specific survey PDFs rather than individual pages,
allowing it to resolve references between questions
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Table 3: Example parsed rows for EVS question Q1.

Q# Option Card Variable

Q1 Work 1 v1
Q1 Family 1 v2

and card-based response options that may appear
elsewhere in the document. PDF text is first ex-
tracted using pdfplumber and combined into a sin-
gle document while preserving page boundaries.
The resulting text is then provided to the LLM to-
gether with an extraction prompt instructing the
model to recover survey questions, variables, re-
sponse scales, card references, and response op-
tions in their original order, and to output the result
using a fixed CSV schema.

Extraction is performed using deterministic de-
coding (temperature=0). The generated CSV
is subsequently validated, post-processed, and
checked for structural consistency before being
stored in the survey repository.

7.1.1 Output Schema
The parsed questionnaire is represented using six
fields:

• Question_Number

• Question_Text

• Response_Scale

• Response_Options

• Card_Number

• Variable_Name

This schema preserves the information re-
quired for downstream prompting. In particular,
Response_Scale stores the admissible response
range, whereas Response_Options captures the
specific option or sub-item associated with a given
survey variable.

7.1.2 Example Parsed Output
Table 3 presents example rows generated for EVS
question Q1.

Both rows correspond to the question: “Please
say, for each of the following, how important it is
in your life.” The associated response scale ranges
from Very important to Not at all important, includ-
ing EVS-specific missing-value categories.

7.1.3 Reproducibility
To support reproducibility, we release both the
parsed questionnaire files and the prompt templates
used during extraction. Together, these artefacts

preserve the parsing procedure, enable redistribu-
tion of the structured survey representation, and
allow the extraction pipeline to be rerun from the
original PDFs.

7.1.4 Limitations
The proposed pipeline is scalable and reproducible,
but it is not fully equivalent to manual transcription.
Because extraction relies on PDF text quality and
LLM-generated structure, occasional omissions or
alignment errors may occur, particularly for com-
plex layouts. The generated CSV files should there-
fore be regarded as preprocessing artefacts and may
require spot-checking before downstream use.

7.2 Appendix B: Prompt Availability and
Example Listing

To support transparency and reproducibility, we re-
lease the language-specific prompts used for PDF-
to-CSV extraction. The prompts are stored as plain-
text files under:

prompts/survey_prompt/pdf_extraction/

with one file per survey language (e.g., gb.txt,
es.txt, fr.txt).

Each prompt instructs the model to extract sur-
vey questions, variables, response scales, and card-
based answer options, and to generate a CSV fol-
lowing the schema described in Appendix 7.1. The
prompts additionally enforce ordered question cov-
erage, quoted fields, and direct CSV output to fa-
cilitate downstream processing.

The following excerpt illustrates the structure of
the extraction prompt:

Extract the survey questions and re-
sponse choices from the attached PDF
into a CSV file. Recover answer options
from referenced card pages, preserve the
original question order, include variable
names, and output the CSV using the
predefined schema.

For artefact release, we recommend publishing
the parsed CSV files, prompt templates, parsing
scripts, model configuration, and—when redistri-
bution is permitted—the original survey PDFs. To-
gether, these artefacts enable researchers to either
reuse the generated survey representations or re-
produce the extraction process from the original
documents.

A complete example prompt is available in the
released repository.
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7.3 Appendix C: Principal Component
Analysis Methodology

To construct the human value space, we retain
EVS variables measuring value-oriented attitudes
and normative beliefs, excluding open-ended vari-
ables that cannot be compared reliably across lan-
guages and models. Each variable is independently
normalised to the interval [0, 1] using min–max
normalisation:

vnorm
i =

vi −min(vi)

max(vi)−min(vi)
. (1)

Missing responses corresponding to non-
substantive categories (e.g., “Don’t Know” or “Not
Answered”) are excluded when computing normal-
isation bounds.

Normalised responses are aggregated into
country-level profiles and subsequently into
language-family profiles through respondent-
weighted averaging. Remaining missing country–
variable combinations are imputed using the corre-
sponding cross-country variable mean. The result-
ing matrix is standardised using z-score normalisa-
tion prior to dimensionality reduction:

Xscaled =
X− µ

σ
. (2)

Principal Component Analysis (PCA) is then ap-
plied to the standardised matrix. The resulting low-
dimensional representation provides the reference
value space used throughout the paper. Multilin-
gual LLM responses are processed using the same
normalisation pipeline and projected into the PCA
space learned from the human data.

7.3.1 Interpretation of Principal Components
T

The first two principal components explain
45.0% of the total variance (PC1 = 35.0%,
PC2 = 10.0%). Together, they provide a com-
pact representation of cross-national value varia-
tion while preserving meaningful cultural structure.

The interpretation of the components is sup-
ported by their loading structure. The strongest
loadings of PC1 are associated with moral permis-
siveness, family and gender norms, social trust, and
attitudes towards minority groups, motivating its
interpretation as a Traditionalism–Progressivism
axis. PC2 is primarily associated with civic par-
ticipation, democratic engagement, social concern,
immigration attitudes, and institutional perceptions,

motivating its interpretation as a Universalism–
Particularism axis.

PC1 captures the dominant source of variation
and largely reflects differences in value orientations
related to social norms and moral attitudes. PC2
captures a secondary but substantive dimension
associated with broader societal engagement and
attitudes towards social groups and institutions. To-
gether, these components define the human-derived
value space used to compare countries, language
families, and multilingual LLM profiles. Table 4
reports the variables with the highest absolute load-
ings for both principal components.

7.4 Appendix D: Evaluated Models
The evaluated model pool was designed to capture
diversity across contemporary multilingual LLM
ecosystems while remaining fully reproducible
through publicly available model releases. Selec-
tion considered four complementary dimensions:
geographic origin, parameter scale, model family,
and alignment strategy.

The final set comprises European, American,
and Chinese models spanning parameter scales
from lightweight (~1–3B) to frontier-scale systems
(~70B). The pool includes both general-purpose
instruction-tuned models and models specifically
optimised for multilingual or regionally-focused
deployment, such as EuroLLM, ALIA, Apertus,
Aya, Salamandra, and Occiglot. This diversity en-
ables the analysis of whether value representations
are associated with factors such as model ecosys-
tem, training objectives, language specialisation, or
model scale.

Model origin should be interpreted as a coarse
descriptive attribute based on the primary developer
ecosystem rather than as a direct proxy for training
data composition, cultural grounding, or alignment
objectives. Consequently, any differences observed
across origin groups should be interpreted as ex-
ploratory rather than causal.

All experiments were conducted using deter-
ministic decoding (temperature=0), producing a
single response per prompt-language combination.
This setting minimises generation stochasticity and
facilitates direct comparison across models and lan-
guages.

Table 5 summarises the evaluated models to-
gether with their Hugging Face identifiers and,
when available, the corresponding technical reports
or model publications.
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Table 4: Principal Component Loadings: Top 15 Variables by
Absolute Loading

Var. Description PC1 PC2

A. Top Variables Contributing to PC1 (Traditionalism ↔ Progressivism)

v153 do you justify: homosexuality +0.1169 -0.0029
v155 do you justify: divorce +0.1154 +0.0239
v82 Homosexual couples are as good parents

as other couples
-0.1144 +0.0196

v154 do you justify: abortion +0.1123 +0.0225
v81 jobs are scarce: giving men priority +0.1115 -0.0219
v75 man’s job is to earn money; woman’s

job is to look after the home and family
+0.1108 -0.0619

v191 truly local citizens should have local an-
cestry

+0.1108 +0.0126

v80 jobs are scarce: giving...(nation) priority +0.1107 -0.0473
v84 It is children duty to provide long-term

care for parents
+0.1098 +0.0120

v26 don’t like as neighbours: homosexuals +0.1091 -0.0061
v73 women want is a home and children +0.1078 -0.0444
v156 do you justify: euthanasia +0.1078 +0.0486
v36 how much you trust: people of another

religion
-0.1077 +0.0376

v37 how much you trust: people of another
nationality

-0.1077 +0.0354

v31 people can be trusted/can’t be too care-
ful

-0.1068 -0.0403

B. Top Variables Contributing to PC2 (Universalism ↔ Particularism)

v218 how much you feel concerned about liv-
ing conditions of unemployed people

+0.0266 +0.1698

v220 how much you feel concerned about liv-
ing conditions of sick and disabled peo-
ple

+0.0125 +0.1680

v199 open to financial support for environ-
mental protection

+0.0212 +0.1632

v171 vote in elections: local level -0.0558 +0.1558
v30 not like gypsies as neighbours +0.0491 -0.1523
v185 immigrants take local job positions +0.0654 -0.1448
v159 do you justify: avoiding a fare on public

transport (Q4
-0.0245 +0.1426

v2 how important in your life: family +0.0138 +0.1425
v198 European Union enlargement should go

further
+0.0704 +0.1397

v219 how much you feel concerned about liv-
ing conditions of immigrants

-0.0451 +0.1307

v217 how much you feel concerned about liv-
ing conditions of elderly people

-0.0099 +0.1270

v148 political system: democratic -0.0728 +0.1269
v1 how important in your life: work +0.0496 +0.1247
v172 vote in elections: national level -0.0778 +0.1247

Note: PCA conducted on 36 country means across 195
European Values Survey (EVS) variables.
Positive loadings indicate alignment with progres-
sive/universal values (homosexuality acceptance, divorce
justification, gender equality); negative loadings indi-
cate traditional/particular values (family primacy, na-
tional/group loyalty).
Total variance explained: R2 = 45% (PC1+PC2).
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Model label Geographic origin Hugging Face model ID Paper Reference

alia-40B European BSC-LT/ALIA-40b (Gonzalez-Agirre et al., 2025)
apertus-70B European swiss-ai/Apertus-70B-Instruct-2509 (Hernández-Cano et al., 2026)
apertus-8B European swiss-ai/Apertus-8B-Instruct-2509 (Hernández-Cano et al., 2026)
aya-23-35B American CohereLabs/aya-23-35B (Aryabumi et al., 2024)
deepseek-r1-llama-70B Chinese deepseek-ai/DeepSeek-R1-Distill-Llama-70B (DeepSeek-AI, 2025)
deepseek-r1-qwen3-8B Chinese deepseek-ai/DeepSeek-R1-0528-Qwen3-8B (DeepSeek-AI, 2025)
eurollm-9B European utter-project/EuroLLM-9B-Instruct (Martins et al., 2025)
gemma3-27b American google/gemma-3-27b-it (Google-Deepmind, 2025)
gemma4 American google/gemma-4-31B-it (Google-Deepmind, 2026)
gemma4-12B American google/gemma-4-12B-it (Google-Deepmind, 2026)
gemma4-E2B American google/gemma-4-E2B-it (Google-Deepmind, 2026)
gemma4-E4B American google/gemma-4-E4B-it (Google-Deepmind, 2026)
llama3.2-1B American meta-llama/Llama-3.2-1B-Instruct (Grattafiori et al., 2024)
llama3.2-3B American meta-llama/Llama-3.2-3B-Instruct (Grattafiori et al., 2024)
llama3.3-70B American meta-llama/Llama-3.3-70B-Instruct (Grattafiori et al., 2024)
ministral3-8B European mistralai/Ministral-3-8B-Instruct-2512 (Mistral.ai, 2026)
ministral3-14B European mistralai/Ministral-3-14B-Instruct-2512 (Mistral.ai, 2026)
occiglot European occiglot/occiglot-7b-eu5 –
phi4-mini American microsoft/Phi-4-mini-instruct (Abouelenin et al., 2025)
qwen3-14B European Qwen/Qwen3-14B (Qwen.ai, 2025)
qwen3-30B-A3B Chinese Qwen/Qwen3-30B-A3B (Qwen.ai, 2025)
qwen3.5-2B Chinese Qwen/Qwen3.5-2B –
qwen3.5-4B Chinese Qwen/Qwen3.5-4B –
qwen3.5-9B Chinese Qwen/Qwen3.5-9B –
qwen3.6 Chinese Qwen/Qwen3.6-35B-A3B –
qwen3.6-27B Chinese Qwen/Qwen3.6-27B –
salamandra European BSC-LT/salamandra-7b-instruct (Gonzalez-Agirre et al., 2025)
smollm3-3B American HuggingFaceTB/SmolLM3-3B –
tiny-aya-global American CohereLabs/tiny-aya-global (Salamanca et al., 2026)
villanova-2B European VillanovaAI/Villanova-2B-2603 –

Table 5: Hugging Face model identifiers and reference sources for the LLMs evaluated in the study. The labels correspond to the
abbreviated names used in the result figures. A dash indicates that no dedicated model paper or technical report was identified.
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