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Abstract

As chatbots powered by Large Language Mod-
els (LLMs) are increasingly deployed across
cultural contexts, evaluating whether they can
reason about culturally conditioned norms be-
comes essential. We explore whether the
eight workplace-culture dimensions of Erin
Meyer’s The Culture Map can provide a prac-
tical foundation for such an evaluation. We
operationalize these dimensions into 104 be-
havioral scenarios that test two complemen-
tary capabilities: classifying behaviors along
a cultural dimension and judging the plausi-
bility of nationality—behavior pairings. We
evaluate nine open-weight LLMs spanning 7B
to approximately 671B parameters. Nation-
ality information helps some models classify
behavior, but most still struggle with group-
conditioned plausibility. Explicit cultural rules
benefit the reasoning model most, possibly sug-
gesting that this capability depends more on
reasoning than on scale. These findings demon-
strate both the diagnostic potential of the pro-
posed framework and the limitations that a
broader evaluation should capture. Our study
is therefore a first step toward a large-scale,
open, and multidimensional “Culture Map of
Chatbots” benchmark for LLM cross-cultural
understanding. Code is available at https:
//github.com/TH-77-0ss/CMC-Benchmark.

1 Introduction

Chatbots powered by large language models
(LLMs) are increasingly deployed in international
settings, where they interact with users from di-
verse cultural backgrounds (Liu et al., 2025a). This
makes it essential to evaluate whether their out-
puts reflect the plurality of norms and perspectives
that such interactions involve. Yet when annota-
tors disagree, a common practice is to aggregate
their judgments into a single gold label, typically
through majority voting (Aroyo and Welty, 2015;
Uma et al., 2021), while treating minority judg-
ments as noise. This approach overlooks settings

in which disagreement does not arise from annota-
tion error, but from systematic differences across
social or cultural groups. In such cases, multiple an-
swers may be legitimate, each reflecting the norms
or expectations of a particular group (Plank, 2022;
Basile et al., 2021; Mostafazadeh Davani et al.,
2022).

This issue is especially consequential when users
rely on chatbots for guidance in intercultural inter-
actions. Cross-cultural friction at work is a well
documented issue, with multicultural teams report-
ing, among the causes of conflict, direct versus indi-
rect feedback, and differing attitudes towards hier-
archy or decision-making norms (Brett et al., 2006),
with a meta-analysis of 108 studies linking cultural
diversity and task conflict (Stahl et al., 2010). As
chatbots enter everyday work tasks, with writing
and practical guidance among the most common
work-related uses (Chatterji et al., 2025), they are
increasingly asked for guidance on these interac-
tions. For instance, a user preparing critical feed-
back for a colleague from another country may ask
whether to communicate the criticism directly or
soften it, whether to raise the issue in a group meet-
ing or in private, and how explicitly to state the de-
sired changes. The appropriateness of such advice
may depend on culturally conditioned expectations
rather than on a single universal standard. An Al
assistant that presents the norms of one cultural
context as universally appropriate may therefore
provide ineffective or alienating guidance.

Existing work has established the value of open,
large-scale evaluation (Chiang et al., 2024; Pierri
et al., 2025), modeled how situational context
shapes social norms (Ziems et al., 2023), and devel-
oped resources and tools for culturally aware lan-
guage technologies (Nguyen et al., 2024; Pandey
et al., 2025; Saha et al., 2025; Liu et al., 2025Db,
2026; Kumar et al., 2026). Howeyver, recent sur-
veys note that cultural competence remains an un-
derspecified construct in NLP (Liu et al., 2025a;
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Zhou et al., 2025). We argue this gap extends to
evaluation itself: existing efforts rarely test how
models reason about concrete behaviors under ex-
plicitly defined, group-conditioned cultural norms,
and instead tend to reduce culturally structured vari-
ation to a single aggregated target.

To investigate this capability in a concrete set-
ting, we draw on The Culture Map (Meyer, 2016),
which characterizes cross-national differences in
workplace interactions along eight dimensions:
communicating, evaluating, persuading, leading,
deciding, trusting, disagreeing, and scheduling.
These dimensions provide a practical basis for
benchmark construction by organizing the broad
notion of culture into interpretable and behaviorally
distinct axes that can be translated into testable sce-
narios and group-conditioned expectations. We
operationalize the dimensions as binary behavioral
scenarios and use nationality as group-level context
to evaluate behavior classification and nationality—
behavior plausibility. The nationality mappings
represent stylized country-level tendencies from
the underlying framework, rather than determinis-
tic claims about individual behavior. We explore
this approach as a first step toward building a large-
scale, open, and multidimensional benchmark for
LLM cross-cultural understanding, which we refer
to as a “Culture Map of Chatbots.”

We organize the investigation around two re-
search questions:

* RQ1: Behavior Classification. Can LLMs cor-
rectly classify a described behavior according to
a given cultural dimension?

* RQ2: Behavior Plausibility. Can LLMs judge
whether a described behavior is culturally plausi-
ble for individuals of a stated nationality?

To address these questions, we construct 104
culturally grounded scenarios spanning the eight
dimensions of The Culture Map, each describing
the behavior of two individuals, Person A and Per-
son B. We derive two paired experimental condi-
tions for each task.

For RQ1, models first (a) classify each person’s
behavior using the scenario and the relevant dimen-
sion definition, and then (b) repeat the task with
nationality provided as additional context. This
comparison tests whether group information im-
proves behavior classification beyond the behav-
ioral description itself.

For RQ2, models judge the plausibility of each
nationality—behavior pairing, first (a) without and

then (b) with a formal definition of the relevant
cultural dimension. This comparison tests whether
an explicit description of the cultural rule helps
models make group-conditioned plausibility judg-
ments.

Overall, our work contributes a preliminary
benchmark dataset covering Meyer’s eight cul-
tural dimensions, an evaluation framework sep-
arating behavior classification from nationality-
conditioned plausibility judgment, and an empiri-
cal assessment of nine open-weight LLMs ranging
from 7B to approximately 671B parameters, veri-
fied through a single human check.

2 Related Work

Large-scale evaluation platforms such as Chatbot
Arena (Chiang et al., 2024) have demonstrated the
value of open evaluation for comparing conver-
sational Al systems in realistic settings. Other
resources focus more directly on social and cul-
tural knowledge. NormBank (Ziems et al., 2023)
represents how situational context shapes social
norms, while Nguyen et al. (2024) construct a cul-
tural commonsense knowledge base to support in-
tercultural dialogue. These resources provide broad
coverage of culturally relevant situations, but do
not offer a dimension-specific evaluation of con-
crete interpersonal behaviors such as giving feed-
back, expressing disagreement, or building trust.
A related line of work examines whether language
models can recognize culturally specific commu-
nication gaps. Saha et al. (2025) show that LLMs
struggle to identify such gaps in user-generated
text, while Pandey et al. (2025) develop a read-
ing assistant that helps users interpret culturally
specific expressions and references. These studies
primarily address culture-specific content, whereas
our work focuses on culture-conditioned behav-
ior. More broadly, Guo et al. (2025) investigate
whether LLMs capture cross-cultural differences,
and Guan (2025) and Shen et al. (2026) study cul-
turally aware language understanding and dialogue
disambiguation, respectively. Recent surveys (Liu
et al., 2025a; Zhou et al., 2025) emphasize that cul-
ture remains an underspecified construct in NLP
evaluation and call for more explicit and systemat-
ically grounded operationalizations. We respond
to this challenge by adopting the eight-dimension
framework of The Culture Map (Meyer, 2016). Its
dimensions translate broad differences in work-
place interaction into interpretable behavioral con-
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trasts, such as direct versus indirect feedback, pro-
viding a practical basis for constructing testable
evaluation tasks. Rao et al. (2025) introduce Nor-
mAd, which evaluates the ability of LLMs to judge
the social acceptability of situational descriptions,
similarly to our RQ2. Unlike NormAd, we pair
this judgment with a behavior classification (RQ1)
and organize norms as axes of workplace interac-
tion. Our approach also relates to perspectivist NLP,
which treats disagreement as a meaningful signal
rather than automatically collapsing it into a single
aggregated label (Plank, 2022; Basile et al., 2021;
Mostafazadeh Davani et al., 2022). We extend this
perspective to group-conditioned cultural expec-
tations by using nationality as a group-level vari-
able and separating two capabilities: classifying
behavior along a cultural dimension and judging
the plausibility of a nationality—behavior pairing.

3 Data and Methods

Figure 1 gives an overview of our approach. Start-
ing from eight cultural dimensions (Meyer, 2016)
(Section 3.1), we construct a dataset of behavioral
scenarios (Section 3.2), and validate this dataset
with a human check. We then map nationalities
onto the scale of each dimension (Section 3.3). In
the experiments (Section 4), we will describe the
four task variants, one for each research question,
used for LLM evaluation.

3.1 Cultural Dimensions

We consider the eight cultural dimensions de-
scribed in The Culture Map (Meyer, 2016). Each
defines a qualitative scale along which the author
positions national cultures. From the low to the
high pole, the dimensions are:

Evaluating. Indirect vs. direct negative feedback.
Persuading. Applications-first vs. principles-first.
Communicating. Low-context vs. high-context.
Leading. Egalitarian vs. hierarchical.

Deciding. Consensual vs. top-down.

Trusting. Relationship-based vs. task-based.
Disagreeing. Conflict-avoidant vs. confrontational.
Scheduling. Flexible vs. linear time.

3.2 Dataset Construction

Scenarios. We build the dataset from two com-
ponents of The Culture Map (Meyer, 2016). First,
we use the book’s narrative examples to construct
behavioral scenarios spanning its eight cultural di-
mensions. Second, we use its country-level scales

to define the nationality subsets introduced in Sec-
tion 3.3. Each scenario describes a short interper-
sonal situation involving two fictional individuals,
Person A and Person B, whose behaviors instanti-
ate poles of the dimension being tested. We select
examples that cover varied contexts and behavioral
manifestations within each dimension.

We constructed scenarios according to three cri-
teria intended to ensure that models rely on the
relevant cultural behavior rather than on superficial
cues:

1. Scenarios should be structurally distinct,
rather than repeating the same interaction with
only minor changes in setting or wording.

2. The main behavioral cue should be specific
to the dimension being tested and should not
primarily reflect another dimension.

3. The high and low poles should be balanced
between Person A and Person B, preventing
models from exploiting label position.

Scenarios meeting all three criteria are re-
tained unchanged as book-adapted; those requiring
changes are rewritten while preserving the intended
dimension and labels, and are referred to as syn-
thetic. Most scenarios (88%) are retained directly
from the book, with the remaining 12% authored
as synthetic replacements. All scenarios are sub-
sequently reviewed for coherence and label con-
sistency, yielding a final dataset of 104 scenarios
across the eight dimensions.

Task formalization. Each scenario describes two
fictional individuals, Person A and Person B, whose
behaviors represent opposite poles of the cultural
dimension being tested. For example, a scenario
from the Evaluating dimension may read:

During feedback on a startup pitch, Per-
son A tells directly “The market analysis
in this pitch is wrong, you need to redo it,”
without qualifying the statement. Review-
ing another pitch, Person B says “There
might be a few areas worth reconsider-
ing, perhaps around the market analysis,”
presenting the same concern as a sugges-
tion.

For each person, the base dataset stores a high or
low label indicating which pole of the dimension
their behavior represents. In the example above,
Person A is labeled high, corresponding to direct
negative feedback, while Person B is labeled low,
corresponding to indirect negative feedback. The
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complete definitions of the two poles for all dimen-
sions are provided in the repository.

In the two RQ1 conditions, the high/low label is
the prediction target. We describe scenarios where
it holds that one of Person A/B is high, and the
other one is low. Models classify each person’s
behavior first without nationality information and
then with nationality provided as additional context.
Because the label is determined by the behavior
described in the scenario, adding nationality does
not change the correct answer.

In the two RQ2 conditions, the prediction tar-
get is instead plausible or implausible. This label
is derived by comparing each person’s behavioral
class with the subset containing their assigned na-
tionality. A nationality—behavior pairing is labeled
plausible when the nationality belongs to the sub-
set associated with the person’s high/low behavior,
and implausible when it belongs to the opposite
subset. The behavior of both Person A/B can be
plausible or implausible. The two RQ2 conditions
use the same scenarios, nationality assignments,
and plausibility labels. They differ only in whether
the prompt includes the formal definition of the
cultural dimension.

3.3 Mapping Nationality to Labels

We derive nationality subsets from the visual
country-level scales presented in The Culture
Map (Meyer, 2016). For each dimension, countries
visually positioned clearly toward one pole are as-
signed to either the high or low subset. Membership
indicates only the side of the scale on which a coun-
try is placed; it does not imply an ordinal ranking
among countries within the same subset. Countries
with ambiguous positions are excluded, resulting in
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different subset sizes across dimensions. The com-
plete subsets are reported in the repository. These
mappings are used differently across the two tasks.
For behavior classification, nationalities consistent
with each person’s behavioral label are provided
as additional context. For plausibility judgment,
a nationality—behavior pairing is labeled plausible
when the nationality belongs to the subset associ-
ated with the described behavior and implausible
when it belongs to the opposite subset. These la-
bels represent the group-level expectations encoded
by the source framework rather than deterministic
claims about individual behavior.

4 Experimental Setup

Each research question is evaluated with its own
experiment and corresponding dataset. Datasets
are built starting from the 104 base scenarios (Sec-
tion 3.2) by adding task-specific information: a na-
tionality assignment for Person A and/or Person B,
drawn from the pools defined in Section 3.3, and,
for some tasks, the dimension’s formal definition.

RQ1.a: Behavior Classification (w/o nationality).
The 104 base scenarios themselves, with the dimen-
sion’s formal definition provided but no nationality
information - isolating classification ability from
group-conditioned reasoning. 88% of scenarios are
adapted from Meyer (2016); all are human-verified.

RQ1.b: Behavior Classification (w/ nationality).
For each base scenario, every nationality in the
pool matching Person A’s true class is paired with
every nationality in the pool matching Person B’s
true class, so assigned nationalities are always con-
sistent with the described behavior. Taking all such
pairwise combinations across the eight dimensions
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yields 2,198 variants. This dataset requires no sep-
arate verification, as it is built directly from the
already-verified RQ1.a scenarios.

RQ2.a: Plausibility Judgment (w/o dimen-
sion definitions). The target changes to plausi-
blelimplausible: each person’s nationality is sam-
pled from either pool, matching (plausible) or con-
tradicting (implausible) their true class. Since
either-pool sampling makes exhaustive enumera-
tion impractical, we instead sample 6 independent
nationality draws per scenario, chosen so that, in ex-
pectation, each yields a balanced 3 plausible/3 im-
plausible split per person.! This yields 624 variants
(104 base scenarios times 6 draws each).

RQ2.b: Plausibility Judgment (w/ dimension
definitions). The same 624 RQ2.a variants, with
the dimension’s formal definition (the RQ1.b map-
ping) added to the prompt - focusing on whether
an explicit cultural rule improves plausibility judg-
ment.

4.1 Models

We select nine open-weight models spanning a
wide range of parameter counts, from 7B to ~671B:
mistral-7b (Jiang et al., 2023), gwen2.5:7b (Yang
et al., 2024), apertus-vl.1:8b (Project Aper-
tus, 2025), llama3.1:8b (Grattafiori et al.,
2024), gemma2:9b (Gemma Team et al., 2024),
gemma3:12b (Gemma Team et al., 2025), gpt-
0ss:20b (Agarwal et al., 2025), gwen2.5:72b (Yang
etal., 2024), and deepseek-V3:671b (DeepSeek-Al,
2024).

We direct the evaluation at open-weight mod-
els for reproducibility and cost reasons; extending
the benchmark to closed-weight alternatives is left
to future work. We do not override sampling pa-
rameters (temperature, top-p) for any model, rely-
ing instead on each serving engine’s default con-
figuration. Most models are run locally via Ol-
lama, which enables full reproducibility without
reliance on proprietary APIs; the two largest mod-
els, gwen2.5:72b and deepseek-V3:671b, exceed
our local hardware capacity and are instead ac-
cessed through Hugging Face Inference Providers.
Note that one model, gpt-oss:20b, has native chain-
of-thought reasoning capability, distinguishing it
architecturally from the other eight.

"Expectation, not guarantee: each scenario has a small

chance (=3%) of degenerating to a uniform outcome for a
given person, predicting roughly 6 such cases dataset-wide.

4.2 Prompting Strategy

All prompts require the model to return a single
JSON object under strict formatting constraints —
no free-text explanation, values restricted to the
exact label set for the task — which removes the
need for free-text parsing. Prompts differ across
experimental settings in two respects:

(i) whether nationality is included as input

(i1) whether the formal high/low definition of the
dimension; being tested (the definition) is in-
cluded.

RQ1.a provides the definition only; RQ1.b adds
nationality to test whether models correctly apply a
stated cultural rule. RQ2.a omits the definition, so
models must rely on their own cultural knowledge
rather than an explanation we supply; RQ2.b adds
it to separate a lack of knowledge from a failure
to apply it without explicit guidance. Full prompt
templates for every condition are provided in the
Appendix.

4.3 Evaluation Metrics

* RQ1. We report accuracy against the ground-
truth label (high/low).?

* RQ2. We report accuracy against the ground-
truth label (plausible/implausible), using the
same aggregation as RQ1. We additionally re-
port flip rate: the rate at which a model’s predic-
tion changes when the assigned nationality pool
changes, which in our experiments measures the
model’s sensitivity to group-conditioned plau-
sibility, independent of whether the model was
already correct or not, without having access to
group information.

5 Results

RQ1: Behavior Classification. Figure 2 and Ta-
ble 1 report per-dimension classification accuracy
for RQ1.a and RQ1.b.

RQ1I.a (without nationality). Most models reach
high global accuracy from the behavior description
alone: deepseek-V3:671b (98.2%), gwen2.5:72b
(97.8%), and gpt-0ss:20b (97.0%) are near ceiling,
followed by gwen2.5:7b (93.3%) and gemma3.:12b
(86.1%). Four models perform markedly lower:
gemma?2:9b (75.4%), llama3.1:8b (63.7%), mis-

*Mean and standard deviation across dimensions and runs
jointly: the mean is computed by first averaging within each
(dimension, run) pair, and the standard deviation is computed
on the pooled set of these per-dimension, per-run values, rather
than on run-level averages alone.
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Figure 2: Global accuracy by model (ordered by parameter size), RQ1.a vs RQ1.b (mean = std, pooled across

dimensions and runs).

Model Comm. Dec. Disagr. Eval. Lead. Pers. Sched. Trust. Global
RQIl.a

mistral:7b 53.3£0.0 62.7£2.8 48.9+6.1 46.7+0.0 53.3£0.0 347487 50.0£0.0 60.0+£2.3 51.2+1.1
qwen2.5:7b 84.7+1.8 93.3£0.0 88.9+0.0 89.3%1.5 100.0£0.0 94.74£3.0 96.24+3.4 100.0£0.0  93.3£0.5
apertus-v1.1:8b 42.7+43 46.7+4.7 46.7+7.5 42.0+9.9 56.043.7 46.7+0.0 50.046.2 41.7+4.2 46.4+1.8
llama3.1:8b 68.7£4.5 49.3£3.7 62.2£7.2 64.7£4.5 67.3£6.8 54.7+£5.6 55.0£6.8 88.3+9.5 63.7£2.8
gemma2:9b 69.3+3.7 81.3+3.0 77.8£0.0 88.0+£5.6 72.0£3.0 58.7£3.0 62.5£0.0 91.7£0.0 754+£1.1
gemma3:12b 86.7+2.4 93.3£0.0 88.9+0.0 86.7£0.0 74.0£4.3 76.0+£3.7 100.0+0.0 91.7+0.0 86.1+0.7
gpt-0ss:20b 94.0+4.3 93.34+0.0 92.245.0 98.0+1.8 98.74+3.0 100.04£0.0  100.0+£0.0  100.04+0.0  97.0£1.3
qwen2.5:72b 97.8+3.8 93.34+0.0 88.940.0 100.04£0.0  100.0£0.0  100.04+0.0  100.0£0.0  100.0+£0.0  97.84+0.6
deepseek-V3:671b 94.4+1.9 933+£0.0 100.0£0.0  100.04£0.0 ~ 100.0+0.0 ~ 100.0+£0.0  100.0+£0.0  100.0£0.0  98.2+0.3
RQ1.b

mistral:7b 53.3+0.0 50.2+£0.5 56.7£0.6 46.71+0.0 55.3£0.7 46.7£0.0 50.0£0.0 64.7£1.0 53.3+0.2
qwen2.5:7b 98.2+0.4 93.3£0.0 83.2+0.7 92.1£1.0 97.5£0.1 94.440.6 100.0+£0.0  100.0£0.0  95.1£0.2
apertus-v1.1:8b 40.5+1.7 47.0£0.6 67.9+£3.2 53.3+1.6 56.1£0.3 46.74+0.0 532+1.7 49.1£0.8 51.3+0.4
Illama3.1:8b 67.04+0.8 49.440.9 64.44+2.2 61.6+1.5 69.8+1.0 59.8+1.3 65.5+1.9 92.0+1.1 67.44+0.4
gemma2:9b 76.0+£0.4 78.9+£0.4 82.0+0.8 84.4+0.8 66.5£0.6 66.2£1.0 63.1£0.3 94.7£0.9 77.4+£0.3
gemma3:12b 98.3+0.3 93.3£0.0  100.0£0.0 94.8+0.6 99.240.2 86.1+£0.4 100.0+0.0 91.7+£0.0 95.5+0.2
gpt-0ss:20b 95.6+0.8 93.1£0.3 95.2£1.0 98.5+0.2 100.0+£0.0  100.0£0.0 ~ 100.0£0.0  100.04£0.0  97.940.1
qwen2.5:72b 100.04+0.0  93.3£0.0 99.440.5 100.04+0.0  100.0£0.0 99.6+0.7 100.0£0.0  100.0+£0.0  99.340.1
deepseek-V3:671b 99.6+0.3 93.1+£0.3  100.0£0.0  100.0+£0.0  100.0£0.0  100.0+£0.0 ~ 100.04£0.0  100.0£0.0  99.4+0.0

Table 1: Per-dimension accuracy (mean =+ std) for RQ1.a and RQ1b. Dimension names abbreviated: Comm. =
Communicating, Dec. = Deciding, Disagr. = Disagreeing, Eval. = Evaluating, Lead. = Leading, Pers. = Persuading,
Sched. = Scheduling, Trust. = Trusting. Corresponding line plots are shown in Figure 4 (see Appendix).

tral:7b (51.2%), and apertus-vl.1:8b (46.4%), with
the latter two close to chance.

RQ1.b (with nationality). Adding national-
ity context leaves near-ceiling models largely
unchanged — deepseek-V3:671b from 98.2% to
99.4% (+1.2%), gwen2.5:72b from 97.8% to
99.3% (+1.5%), gpt-oss:20b: from 97.0% to
97.9% (+0.9%) — but produces a clear gain for
gemma3:12b from 86.1% to 95.5% (+9.4%) and
smaller gains for gemmaZ2:9b from 75.4% to 77.4%
(+2.0%) and llama3.1:8b from 63.7% to 67.4%
(+3.7%), while apertus-vi.1:8b and mistral:7b re-
main near-chance (51.3% and 53.3%, respectively).

Nationality context helps models that are

not already at ceiling on RQl.a, most clearly
gemma3:12b, but does not lift the two weakest
models above chance. This suggests their limi-
tation on RQ1 is not the absence of nationality
information, but a more basic difficulty with the
classification task itself.

RQ2: Behavior Plausibility. Figure 3 reports
global accuracy and flip rate for RQ2.a and RQ2.b.
Table 2 reports per-dimension flip rate, and Table 3
(see Appendix) reports per-dimension accuracy.

RQ2.a (without dimension definition). Most
models obtain accuracy near 50%, failing to cap-
ture intercultural signal when classifying a behavior
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Figure 3: Global accuracy (above) and flip rate (below) by model, indicating RQ2.a vs RQ2.b (mean = std, pooled
across dimensions and runs). Per-dimension breakdown for global-accuracy are shown with line plots in Figure 5

(see Appendix); for flip rate, refer to Table 2.

as plausible or not. Two models stand out when
measuring global accuracy: gwen2.5:72b (62.9%)
and gpt-oss:20b (63.3%), followed by deepseek-
V3:671b (57.4%). Flip rate also highlights this split:
models with near-chance accuracy report flip rate
close to 0% (gwen2.5:7b: 6.1%, mistral:7b: 8.9%,
gemma3:12b: 8.9%), indicating a fixed response
bias rather than noisy but input-sensitive guessing,
while gwen2.5:72b (35.5%), gpt-0ss:20b (30.0%),
and apertus-vi.1:8b (20.7%) show some sensitivity
to nationality even without explicit guidance.

RQ2.b (with dimension definition). Models
with a larger number of parameters are those that
show the greatest gain: gpt-oss:20b improves the
most, reaching 81.8% global and up to 97.7%
for Leading (see Table 3, in Appendix), while
gwen2.5:72b rises to 67.8% global accuracy and

deepseek-V3:671b to 65.9%. Flip rate increases
accordingly, most sharply for gpt-oss:20b (30.0%
to 69.0%), followed by gwen2.5:72b (35.5% to
46.0%) and deepseek-V3:671b (15.1% to 35.0%),
while remaining low or even decreasing for smaller
models (e.g., apertus-vi.1:8b: 20.7% to 6.8%).

Providing the explicit cultural rule increases not
only correctness but sensitivity to nationality, often
with positive impact, and does so unevenly across
models: the gain is concentrated in gpt-oss:20b,
while larger models improve only modestly, and
smaller models barely move. This contrast between
RQI1.b, where nationality context reliably helps,
and RQ2, where the same information helps only
some models, is discussed next.
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Model Comm. Dec. Disagr. Eval. Lead. Pers. Sched. Trust. Global
RQ2.a

mistral:7b 72+£12 8.4+1.0 11.0£3.2 9.4+0.5 129423 1.640.5 9.1+1.4 13.4+£15 8.9+0.9
qwen2.5:7b 10.9+2.1 44+12 1.6+2.4 6.61+2.3 0.0£0.0 10.6+1.1 7.1£1.8 6.21+0.6 6.1+0.8
apertus-v1.1:8b 18.3+3.1 20.1£3.0 19.3+5.1 25.7£2.5 14.6+4.8  21.7£27 263%14 219445  20.7£0.6
llama3.1:8b 158+1.6  10.5£29  20.1+54  204+39 153£24 197427 202440  22.6+4.5 17.8£1.2
gemma2:9b 16.8+1.4 123428 6.6£2.2 42414 14.0£3.5  26.042.3 59422 13.8£1.9 132+£1.0
gemma3:12b 23+£1.0 8.2+35 9.1£13 15.0+24  16.1£3.2 0.0+0.0 9.942.3 11.2+1.9 89+13
gpt-0ss:20b 244413 238427 384443  32.6+40 549+43 6.1+4.4 292428  32.8+42  30.0+09
qwen2.5:72b 42.7+£5.1 242437  425£5.6 352460  41.5+09 16.8+42  39.6£54  478%15 355%+1.8
deepseek-V3:671b 16.0+£2.3 112424 21.0£2.7 79+£1.1 23.9+3.6 0.0+0.0 19.1+1.8  28.4+£34  15.1£0.5
RQ2.b

mistral:7b 0.2+£0.4 2.3£0.9 4.0£3.9 0.34+0.7 1.0£0.7 72+1.4 1.7£2.4 1.4£0.0 22404
qwen2.5:7b 11.3+32 2.5+1.7 6.1£1.9 9.5+14 9.8£3.0 125433 21.04+4.2 9.4+1.9 9.94+0.9
apertus-v1.1:8b 7.0£3.1 7.8+2.0 33423 13.0+1.9 3.04+2.5 3.0+1.5 6.81+4.5 9.24+2.6 6.8+0.4
llama3.1:8b 27.8+£34  27.6E£15 244448  29.843.1 242433  30.8+2.1 364+54 255447  28.1£15
gemma2:9b 14.6+2.4 9.6£1.6 7.4+24 59+1.7 10.3£0.9 13.8£4.5 15.7£3.2 10.9+£1.7 11.0£1.3
gemma3:12b 3.5£1.7 13.5£1.0 162%1.8 11.9£1.2  29.0%1.3 14.8£1.1 16.7£0.5 11.1£0.9 14.5+0.5
gpt-0ss:20b 68.9+2.7  69.1£28 639467 64.7+25 952420 427451 652450  80.0£49  69.0+1.0
qwen2.5:72b 482428  37.74£2.0 584424  409+£1.7 539434 413476  36.0+£4.0 529433  46.0+0.5
deepseek-V3:671b  29.6£2.3  32.0+49  458+6.0 31.0£4.0 623403 144+14  27.6£2.1 38.1+£54  35.0+£13

Table 2: Per-dimension flip rate (mean =+ std), across all nine models, for RQ2.a and RQ2.b. Dimension names
abbreviated: Comm. = Communicating, Dec. = Deciding, Disagr. = Disagreeing, Eval. = Evaluating, Lead. =
Leading, Pers. = Persuading, Sched. = Scheduling, Trust. = Trusting. A line plot visualization is available in

Figure 6, see Appendix.

6 Discussion and Conclusion

In this paper, we explored the sensitivity of large
language models to group-conditioned cultural
norms, using nationality as the relevant group-
ing variable. In doing so, we introduced the
first step toward the “Culture Map of Chatbots”,
an open benchmark operationalizing The Culture
Map (Meyer, 2016) eight cultural dimensions into
104 human-verified base scenarios and four task-
specific datasets covering behavior classification
(RQI1.a, RQ1.b) and plausibility judgment (RQ?2.a,
RQ2.b). We evaluated nine open-weight models
spanning 7B to ~671B parameters, and we found
that providing nationality context improves accu-
racy when classifying people’s behavior in a work-
place context. We also find that, for most models,
nationality context impacts the models’ judgment
about the plausibility of scenario-driven behavior
descriptions, although not always in a positive man-
ner.

We report results that are relevant to pluralism-
aware evaluation; we trust that our roadmap for
a “Culture Map of Chatbots”, audit methodology,
and evaluation metrics support future work extend-
ing this group-conditioned evaluation paradigm to
other grouping variables and cultural frameworks.

Future work should also test whether the effects
we observe generalize across reasoning models,
extend group-conditioned evaluation to grouping
variables beyond nationality, and further investigate
whether the near-ceiling accuracy some models

reach on RQ1.a reflects genuine cultural reason-
ing or reliance on explicit textual markers, using
scenarios with more implicit phrasing.

Another natural extension of our work is a pre-
dictive setup that evaluates Person B’s behavior
from Person A’s behavior, given both nationalities.

Limitations

Some models reach near-ceiling accuracy on cer-
tain dimensions in RQ1.a (e.g., Trusting, Schedul-
ing) despite our quality audit (Section 3.2). We
cannot fully rule out that some surviving scenarios
still rely on comparatively explicit behavioral mark-
ers rather than requiring genuine cultural reasoning.
Testing with more implicit phrasing is left to future
work.

Our reasoning-versus-scale finding rests on a sin-
gle reasoning model (gpt-0ss:20b). The remaining
eight models are of comparable parameter scale
(7B-72B, with the exception of deepseek-V3:671b)
and share a broadly similar training paradigm
(large-scale pretraining followed by instruction tun-
ing). A consistent pattern across these eight is
therefore weaker evidence than it would be across
multiple reasoning models, and we cannot rule out
that some of gpt-oss:20b’s behavior reflects fac-
tors specific to this model rather than reasoning
capability in general.

We do not override sampling parameters for any
model (Section 4.1), so comparisons across models
are not fully controlled for decoding configuration.
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Our benchmark operationalizes cultural dimen-
sions as binary (high/low), following Meyer’s
framework. This is itself a simplification: real
cross-cultural variation is unlikely to reduce to two
discrete poles, and a graded or multi-way represen-
tation may better capture group-conditioned norms
in future extensions of this work.

Finally, our results rely on nationality as the
only grouping variable, and on a single source
(Meyer’s eight dimensions) for defining cultural
norms. Other social groupings and other theoretical
frameworks may yield different conclusions about
models’ sensitivity to group-conditioned norms.

Ethical Considerations

This research focuses on evaluating the understand-
ing of large language models on cross-cultural
workplace norms. It relies on nationality as an
observable proxy for cultural background, which
risks essentializing culture as fixed and homoge-
neous. Our labels describe group-level tendencies
drawn from the (Meyer, 2016) research, not pre-
scriptive claims about any individual, and should
not be used outside this evaluative purpose.
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Appendix
Prompt Templates

RQl.a

def prompt_RQ1_a(context, question, mapping):

return f"""
Task: Analyze the business scenario and
— classify each person's behavior accordingly.

Context: {context}
Questions:

Person A: {question["person_a"]}
Person B: {question["person_b"]}

Options

High
Label: {mapping["high"”]["label”]}
Definition:

{mapping["high"]J["definitions"]}

Low
Label: {mapping[”low”]["label”]1}
Definition:
{mapping["low"]["definitions”]}

CRITICAL FORMAT INSTRUCTIONS:
- You MUST output only valid JSON.
- Do NOT include explanations.
- Do NOT include reasoning.
- Do NOT include additional text.
- The values MUST be exactly "high” or *
< low" (lowercase).
- Any other value is invalid.

I

The output format is strictly:

High
Label: {mapping["high”]1["1label”"]}
Definition:
{mapping["high"]["definitions”]}

Low
Label: {mapping["”low"]["label”]}
Definition:
{mapping["low"]["definitions"]1}

CRITICAL FORMAT INSTRUCTIONS:
- You MUST output only valid JSON.
- Do NOT include explanations.
- Do NOT include reasoning.
- Do NOT include additional text.
- The values MUST be exactly "high” or "
> low"” (lowercase).
- Any other value is invalid.

The output format is strictly:

{{
"person_a": "high",
"person_b": "low"
1}

RQ2.a

{
"person_a": "high",
"person_b": "low"
}

RQL.b

def prompt_RQ1_b(context, question, mapping,
< nationality_a, nationality_b):

return """
Task: Analyze the business scenario and

— classify each person behavior accordingly.

Context: {context}

Nationality :
Person A : {nationality_a}
Person B : {nationality_b}
Questions:

Person A: {question["person_a"]}
Person B: {question["person_b"]1}

Options

def prompt_RQ2_a(context, question,
< nationality_a, nationality_b):

return f"""

Task: Judge whether each person's behavior
< in this cross-cultural business scenario is

culturally plausible given their nationality.
(%

Context: {context}

Nationality :
Person A : {nationality_a}
Person B : {nationality_b}
Questions:

Person A: {question["person_a"]}
Person B: {question["person_b"]1}

CRITICAL FORMAT INSTRUCTIONS:
- You MUST output only valid JSON.
- Do NOT include explanations.
- Do NOT include reasoning.
- Do NOT include additional text.
- The values MUST be exactly "plausible”
<5 or "implausible” (lowercase).
- Any other value is invalid.

The output format is strictly:

{{

"person_a": "plausible”,
"person_b": "implausible”
1}

nnn
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RQ2.b

def prompt_RQ2_b(context, question, mapping,
<5 nationality_a, nationality_b):

return f"""

Task: Judge whether each person's described
— behavior is culturally plausible given their
< nationality.

Context: {context}

Nationality:
Person A: {nationality_a}
Person B: {nationality_b}

Cultural dimension being tested:

High ({mapping["high”]1["label”]}):
{mapping["high"]J["definitions"]}

Low ({mapping["low"]["label”]1}):
{mapping["low"]["definitions”]}

A person's behavior is "plausible” if it
< matches what is typically expected from
—> someone of

their nationality on this cultural dimension,
<5 and "implausible” if it contradicts it.

Questions:
Person A: {question["person_a"]}
Person B: {question["person_b"]1}

CRITICAL FORMAT INSTRUCTIONS:
- You MUST output only valid JSON.
- Do NOT include explanations.
- Do NOT include reasoning.
- Do NOT include additional text.
- The values MUST be exactly "plausible”
<5 or "implausible"” (lowercase).
- Any other value is invalid.

The output format is strictly:

18

"person_a": "plausible”,
"person_b": "implausible”
1}

nnn
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Figure 4: Per-dimension classification accuracy (mean = std) for RQ1.a (w/o nationality) and RQ1.b (w/ nationality),
across all nine models.

Model Comm. Dec. Disagr. Eval. Lead. Pers. Sched. Trust. Global

RQ2.a

mistral:7b 45.0+04  46.6+02 50.7+1.8 51.4+0.8 483+12 531106 44.6+05 53.1+1.1  49.2404
qwen2.5:7b 439+12 497416  563+0.8 519£1.0 46.1+£0.0 49.0+09 39.8+£1.7 546408  48.9+03
apertus-v1.1:8b 469+1.2 469420 49.1+24  49.0£0.6 462431  51.0+2.8 41.74£3.7 544421  48.34+09
llama3.1:8b 44.6+1.7 469439 552432  52.1£2.1  47.6£23  51.6£1.7 454450 55.7+1.6  49.74+0.6
gemma2:9b 43.1+14  47.1£1.6  56.54+0.7  543£0.7 53.6£27 538+05 450421  54.6+1.1  51.04+0.3
gemma3:12b 48.1+£0.6 443402  56.1£0.5 552+0.6 57.8+£1.6 550+0.0 52.5+19  56.8+1.1  53.0+04
gpt-0ss:20b 55.8+1.7 549£1.0 70.04+2.1 643+17 793£1.6 542408 63.3+15 685+1.7 633104
qwen2.5:72b 59.3+1.3  47.6£1.8 70.743.0 674+22 698+14  546+12  66.3+22  748+04 629403
deepseek-V3:671b  53.5+£0.3  50.0£1.1  60.2+1.6 522406 654412 550400 625£1.0 653+£1.8 574403
RQ2.b

mistral:7b 46.0+£0.2  49.7405  51.9£13  54.0+02  46.6+£02 522420 369409  52.840.0  49.240.2
qwen2.5:7b 46.2+1.2 494408 58.0%1.5 540+£1.0 483+14 494407 404+1.1 554408  50.240.3
apertus-v1.1:8b 46.4+14  4934+14 554408 533£19 458408 51.7+0.7 38.1£09 529408 494404
llama3.1:8b 528425  463£25 537419  509+12 521422 514425 542437 557433 51.84+0.8
gemma2:9b 43.8+1.0 47.8+1.0 548+1.8 54.0£0.7 52.0+0.5 583+2.1 51.74£32  54.6+£2.0 51.940.7
gemma3:12b 43.0+£0.5 504409  59.1£1.5 532407 57.74£0.6  458+1.0 448423 572411  51.240.6
gpt-0ss:20b 812413  783£2.1 822+18 79.0£0.7 97.7+£1.0 679422  77.14£24  90.6+2.7  81.8+0.5
qwen2.5:72b 65.6+£1.0 585£1.6 7694+19 659+08 77.6£14 61.7429 66.7+28 73.6£14  67.84+09

deepseek-V3:671b  60.2+£1.2 569418  74.1+1.1  65.0£1.1 83.3+0.3  583+£0.6 66.7+0.6  70.1+0.7  65.9+0.6

Table 3: Per-dimension plausibility-judgment accuracy (mean =+ std) for RQ2.a and RQ2.b, across all nine models.
Corresponding line plots are provided in Figure 6.
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(a) RQ2.a
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(b) RQ2.b

Figure 5: Per-dimension classification accuracy (mean =+ std) for RQ2.a (w/o dimension definitions) and RQ2.b (w/
dimension definitions), across all nine models.
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(a) RQ2.a
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(b) RQ2.b

Figure 6: Per-dimension plausibility-judgment flip rate (mean =+ std) for RQ2.a (w/o the dimension definition) and
RQ2.b (w/ the dimension definition), across all nine models.
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