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Abstract

Large Language Models (LLMs) can reproduce
social biases, yet many bias evaluations remain
English-centric. We extend the Contact Hy-
pothesis framework presented in previous work
to German and Icelandic, focusing on religion
and nationality. Evaluating GPT models (3.5,
4, 4-turbo, 40, 5), we find that positive con-
tact reduces biases in the answers of the LLMs,
while negative contact amplifies it, with cross-
linguistic differences in magnitude and salience.
Our results support the cross-linguistic robust-
ness of contact-based probing and underscore
the need for culturally contextualized evalua-
tions. In addition to these insights, our contri-
butions lies in the dataset that is made available
on Github! for further research.

1 Introduction

LLMs encode and can amplify societal stereotypes
(Bolukbasi et al., 2016; Caliskan et al., 2017; Ben-
der et al., 2021), raising concerns for fair deploy-
ment. The Contact Hypothesis (Allport, 1954)
posits that positive intergroup contact reduces prej-
udice and has recently been operationalized for
English LLMs, yielding predictable shifts under
positive versus negative prompts and introducing
Social Contact Debiasing (Raj et al., 2024). How-
ever, its applicability beyond English remains un-
derexplored.

We extend contact-based bias probing to German
and Icelandic, examining religion and nationality,
two socially salient dimensions shaped by regional
migration and religious demographics (Smith et al.,
2022; Parrish et al., 2022). Our evaluation spans
multiple GPT generations (gpt-3.5, gpt-4, gpt-4o,
gpt-5) (OpenAl et al., 2023; OpenAl, 2023, 2024,
2025).

Prior work shows that LLM bias varies across
languages and cultural contexts (Kim and Baek,

"https://github.com/BFH-AMI/BIAS-
SmarterPromptingDemonstrator
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2024; Zahraei and Asgari, 2025; Buyl et al., 2024),
and multilingual evaluation frameworks stress the
importance of cultural grounding beyond direct
translation (University of Amsterdam ILLC, 2024;
Huang et al., 2025; Pistilli et al., 2024). Our work
contributes an interpretable cross-linguistic eval-
uation grounded in intergroup contact theory and
releases a hand-curated dataset to support repro-
ducible benchmarking.

Icelandic and German, though both Germanic,
differ substantially: Icelandic (North Germanic)
has remained linguistically conservative, whereas
German (West Germanic) reflects broader contact
and borrowing making their comparison particu-
larly informative.

Contributions. (1) A multilingual extension of
contact-based bias probing to German and Ice-
landic; (2) culturally grounded descriptors for re-
ligion and nationality; (3) cross-model evidence
of consistent contact effects alongside language-
specific bias patterns.

2 Related Work

Bias in NLP. Social biases are well documented
in word embeddings and contextual models (Boluk-
basi et al., 2016; Caliskan et al., 2017; Guo and
Caliskan, 2021; Bender et al., 2021). Benchmarks
such as StereoSet, CrowS-Pairs, HolisticBias, and
BBQ enable systematic evaluation (Nadeem et al.,
2021; Nangia et al., 2020; Smith et al., 2022; Par-
rish et al., 2022; Zhao et al., 2023). Multilin-
gual studies show that bias varies across languages
and cultural contexts, reflecting training data and
alignment objectives (Gamboa et al., 2025; Buyl
et al., 2024). Frameworks such as MCEVAL and
CIVICS advocate culturally grounded evaluation
beyond direct translation (Huang et al., 2025; Pis-
tilli et al., 2024), and recent work highlights re-
gional differences in national and religious bias pat-
terns (Zahraei and Asgari, 2025; Liu et al., 2025).
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Mitigation. Debiasing approaches target data,
representations, and objectives (Zhang et al., 2018;
Zhao et al., 2018). The Contact Hypothesis offers a
complementary, theory-driven perspective (Allport,
1954; Wright et al., 1997; Amichai-Hamburger and
McKenna, 2006) and has recently been operational-
ized for LLMs with promising results (Raj et al.,
2024). We extend this sociopsychological framing
to multilingual bias evaluation, responding to calls
for culturally sensitive fairness assessment (Univer-
sity of Amsterdam ILLC, 2024; Arif et al., 2024;
Kim and Baek, 2024).

3 Methodology

3.1 Overview

We adapt the English prompt framework of Raj
et al. (2024) to German and Icelandic, focusing on
religion and nationality descriptors aligned with
local demographics (see §4).

3.2 Prompt Design

Following Raj et al. (2024), prompts vary along
three dimensions: contact condition (none, posi-
tive, negative), action orientation (positive verbs),
and response certainty. Prompts were translated
and culturally validated by native speakers while
preserving parallel structure across languages to
isolate language effects under controlled framing
(Smith et al., 2022).

3.3 Models Evaluated

We evaluate five GPT variants (GPT-3.5, GPT-
4, GPT-4-turbo, GPT-40, GPT-5) (OpenAl, 2023;
OpenAl et al., 2023; OpenAl, 2024, 2025) using
identical prompts. These models were selected
due to their strong performance, widespread real-
world deployment, and influence on downstream
NLP applications, making them a relevant target
for bias analysis (Bommasani et al., 2021). Further-
more, focusing on a single model family enables
controlled comparisons between versions with sim-
ilar underlying design principles and alignment
strategies, which have been shown to significantly
affect model behavior and bias between different
model families (Liang et al., 2023; Nadeem et al.,
2021). However, this choice limits the scope of
the analysis, as other model families, particularly
open-source and smaller-scale models, may exhibit
different bias characteristics. The decoding was
fixed (temperature 0.3, maximum 10 tokens) and
the responses were constrained to binary outputs

(yes/no) to ensure consistent scoring (Parrish et al.,
2022). For example, German prompts appended:
“Antworte nur mit einem Wort: Wihle zwischen Ja
und Nein.”

3.4 Bias Definition and Scoring

Following Raj et al. (2024), for positive verb (in-
clusive) actions such as “Should I collaborate?”, an
affirmative response (“Yes”) is labeled unbiased,
whereas a negative response (“No”) is labeled bi-
ased, irrespective of contact condition. Ambigu-
ous outputs (none binary) were reviewed by native
speakers who are members of the research team
(one native German speaker and two native Ice-
landic speakers); responses without clear orienta-
tion were labeled None. We report the percentage
of biased responses per model, language, and con-
dition.

4 Experiments & Results

4.1 Relation to Prior German Study and
Methodological Reuse

This study extends our prior work on German
contact-based bias probing (Ikae and Kurpicz-Briki,
2025), which introduced a culturally grounded
dataset construction pipeline based on (1) demo-
graphically relevant group selection, (2) translation
and adaptation of English templates, and (3) native-
speaker validation. Bias was evaluated under No,
Positive, and Negative contact framings following
Raj et al. (2024).

Here, we retain the original German dataset for
comparability and apply the same construction prin-
ciples to Icelandic, ensuring parallel prompt struc-
ture, contact conditions, and scenario coverage (ed-
ucation, workplace, community, healthcare, sports).
While group descriptors were adapted to Icelandic
linguistic and cultural context, methodological par-
ity enables controlled cross-linguistic evaluation.

We further extend both languages to religion, ex-
panding the earlier German dataset beyond nation-
ality. This reuse and extension of our established
pipeline enables systematic multilingual compar-
ison of contact-based bias across nationality and
religion.

4.2 Experimental Setup

Prompt counts (per language). Due to differ-
ences in the number and availability of culturally
relevant nationalities and religious groups included
in the prompt construction for each language, the
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Model Contact Unbiased  Biased  None
GPT-3.5 No 99.7 0.3 0.0
Positive 99.7 0.3 0.0
Negative 95.1 49 0.0
GPT-4 No 96.3 3.6 0.2
Positive 100.0 0.0 0.0
Negative 89.7 9.6 1.2
GPT-40 No 98.5 1.5 0.3
Positive 99.8 0.0 0.2
Negative 95.3 4.3 0.7
GPT-4 Turbo No 98.7 1.3 0.0
Positive 99.8 0.2 0.0
Negative 95.4 4.6 0.0
GPT-5 No 80.8 0.0 19.2
Positive 84.9 0.0 15.1
Negative 79.8 0.0 20.2

Table 1: Response distribution (%) by contact type for
each GPT model in the German Nationality condition.
Positive contact consistently reduces bias; GPT-5 shows
higher neutral (“None”) rates, indicating bias avoidance
rather than elimination.

total number of generated prompts varies. For Ger-
man, the Nationality condition comprises 609 base
prompts (1,827 with three contact framings), and
Religion includes 210 base prompts (630 total). For
Icelandic, 90 base templates yield 300 Nationality
prompts (900 total) and 180 Religion prompts (540
total), each instantiated under No, Positive, and
Negative contact.

Descriptor sets. The German Nationality set
includes 19 migrant groups identified from official
statistics in German-speaking countries (including
Afghanistan, Bosnia, Bulgaria, France, Greece, In-
dia, Italy) (Ikae and Kurpicz-Briki, 2025). The Ice-
landic Nationality condition comprises 10 groups
(Poland, Lithuania, Ukraine, Romania, Portugal,
Spain, Venezuela, Philippines, USA, Denmark).

For Religion, German includes seven groups
(Christians, Muslims, Jews, Buddhists, Russian Or-
thodox, Jehovah’s Witnesses, non-religious), while
Icelandic includes five (Christianity, Islam, Bud-
dhism, Jehovah’s Witnesses, Russian Orthodox).
Each religion appears in 30 templates per lan-
guage.”

Scenarios. Descriptors are embedded in paral-
lel decision-focused scenarios across five domains:
education, workplace, healthcare, sports, and com-
munity contexts. Each scenario is realized under
all three contact conditions, enabling controlled
cross-language comparison (Raj et al., 2024).
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Model Contact Unbiased Biased None
GPT-3.5 No 95.2 4.8 0.0
Positive 99.0 1.0 0.0
Negative 93.8 6.2 0.0
GPT-4 No 94.3 5.7 0.0
Positive 95.7 33 14
Negative 92.8 53 2.9
GPT-40 No 94.8 52 0.0
Positive 96.7 33 0.0
Negative 96.2 3.8 0.0
GPT-4 Turbo  No 93.3 6.7 0.0
Positive 933 6.7 0.0
Negative 94.8 52 0.0
GPT-5 No 68.9 10.0 21.1
Positive 67.4 7.1 255
Negative 72.3 2.3 239

Table 2: Response distribution (%) by contact type for
each GPT model in the German Religion condition.
Positive contact consistently reduces bias, while GPT-5
exhibits a higher rate of neutral (“None”) responses.

Model Contact Unbiased  Biased  None
GPT-3.5 No 99.0 1.0 0.0
Positive 100.0 0.0 0.0
Negative 91.7 8.3 0.0
GPT-4 No 54.0 0.3 45.7
Positive 94.0 0.0 6.0
Negative 65.0 12.3 22.7
GPT-40 No 99.3 0.7 0.0
Positive 100.0 0.0 0.0
Negative 93.0 7.0 0.0
GPT-4 Turbo  No 99.0 1.0 0.0
Positive 96.3 3.0 0.7
Negative 82.0 16.7 13
GPT-5 No 76.0 3.7 20.3
Positive 82.7 2.7 14.7
Negative 67.0 17.0 16.0

Table 3: Response distribution (%) by contact type for
each GPT model in the Icelandic Nationality condition.
Positive contact consistently reduces bias, while GPT-
4 and GPT-5 exhibit a higher rate of neutral (“None”)
responses.

4.3 Overall Bias Levels

Tables 1-4 report unbiased, biased, and neutral re-
sponses across models, languages, and descriptor
conditions. GPT-3.5, GPT-4 (for German), GPT-4o,
and GPT-4 Turbo consistently achieved high unbi-
ased rates (often > 90%) across settings. In contrast,
GPT-5 produced lower unbiased proportions and
markedly more neutral responses, particularly in
Religion conditions. This was also the case for
GPT-4 in Icelandic. Positive contact yielded the
highest unbiased rates across all models, while Neg-
ative contact increased bias. German results were
overall more stable, whereas Icelandic prompts es-

Descriptors are presented in English for readability; origi-
nal wording is available in the repository.



Model Contact Unbiased  Biased  None
GPT-3.5 No 85.6 144 0.0
Positive 92.2 7.8 0.0
Negative 76.1 23.9 0.0
GPT-4 No 65.1 10.5 24.4
Positive 78.3 43 17.4
Negative 65.8 174 11.6
GPT-40 No 81.2 16.6 1.7
Positive 94.4 5.6 0.0
Negative 85.0 14.4 0.6
GPT-4 Turbo No 86.7 13.3 0.0
Positive 91.7 8.3 0.0
Negative 80.6 194 0.0
GPT-5 No 53.0 8.1 38.9
Positive 65.7 10.1 25.3
Negative 68.3 7.8 239

Table 4: Response distribution (%) by contact type for
each GPT model in the Icelandic Religion condition.
Positive contact consistently reduces bias, while GPT-
4 and GPT-5 exhibit a higher rate of neutral (“None”)
responses.

pecially for GPT-5 elicited higher neutrality.

4.4 Nationality Comparison: German vs.
Icelandic Conditions

Overall Patterns. German nationality prompts
resulted in highly stable behavior: all models ex-
cept GPT-5 showed minimal bias and virtually no
neutral responses across contact types. GPT-5 di-
verged, with reduced unbiased rates and elevated
neutrality, suggesting greater safety-driven non-
commitment.

Icelandic nationality prompts produced substan-
tially greater variability. While earlier models re-
mained robust under Positive contact, GPT-4 and
GPT-5 showed increased biased and neutral re-
sponses, particularly under No and Negative con-
tact, indicating heightened caution or representa-
tional uncertainty.

Contact Effects. Positive contact reduced bias in
both languages, reaching near-ceiling performance
in the German condition. In Icelandic, however,
Positive contact did not fully offset elevated neu-
trality in GPT-4 and GPT-5. Negative contact in-
creased bias in both settings, but the effect was
stronger for Icelandic nationality prompts.

Summary. Overall, German nationality elicited
more stable and context-resistant responses,
whereas Icelandic nationality triggered greater vari-
ability and neutrality especially in later models
suggesting increased caution in linguistically or
culturally distinct contexts.

94

4.5 Religion Comparison: German vs.
Icelandic Conditions

Across religious conditions, contact effects were
consistent but differed in magnitude between Ger-
man and Icelandic prompts.

Overall Patterns. In the German Religion con-
dition, GPT-3.5, GPT-4, GPT-40, and GPT-4 Turbo
maintained high unbiased rates across contact
types, with only modest increases in bias under
Negative contact. GPT-5 diverged, producing
substantially lower unbiased rates and markedly
higher neutral responses, indicating increased non-
commitment in religious contexts.

The Icelandic Religion condition showed
greater variability. While earlier models remained
relatively robust, GPT-4 and GPT-5 generated ele-
vated neutral responses across contact types, sug-
gesting stronger uncertainty or safety-driven avoid-
ance compared to German prompts.

Contact Effects. Positive contact reduced bias in
both languages but did not fully offset elevated neu-
trality in GPT-4 and GPT-5 for Icelandic prompts.
Negative contact increased bias in both settings,
with stronger effects in the Icelandic condition and
continued high neutrality in later models.

Summary. Overall, German religion prompts
elicited more stable responses, whereas Icelandic
religion prompts produced greater variability and
substantially higher neutrality especially in GPT-4
and GPT-5 indicating increased caution in linguis-
tically and culturally distinct contexts.

4.6 Key Findings

* Positive contact reliably attenuates bias
across all models and nationalities. In both
German and Icelandic conditions, benevolent
framing consistently increased the proportion
of unbiased responses and reduced explicit
bias, although its effectiveness was stronger
for German nationality cues. For Icelandic
prompts, particularly for GPT-4 and GPT-5,
positive contact did not fully eliminate ele-
vated rates of neutral (“None”) outputs, in-
dicating residual uncertainty or safety-driven
avoidance (Allport, 1954; Raj et al., 2024).

Nationality influences model sensitivity to
contextual framing. German nationality
elicited highly stable behaviour, with low bias
and minimal neutrality across models. In



contrast, Icelandic nationality cues produced
greater variability, higher susceptibility to neg-
ative contact, and substantially increased neu-
tral responding most notably among GPT-4
and GPT-5. This cross-national difference
aligns with work on contextual salience and
social-descriptor effects in multilingual LLM
evaluation (Smith et al., 2022).

Model generation strongly predicts bias ex-
pression and risk avoidant behaviour. Ear-
lier models (GPT-3.5, GPT-40, GPT-4 Turbo)
showed consistently low bias and near-zero
neutrality across conditions. In contrast, GPT-
5 demonstrated a pronounced shift toward cau-
tion, characterised by persistently high neu-
tral responding (15-40% depending on con-
dition) and reduced decisiveness even under
positive contact. GPT-4 exhibited similar be-
haviour under Icelandic nationality cues, sug-
gesting that newer models prioritise safety-
driven avoidance over explicit commitment in
sensitive contexts.

4.7 Bias Patterns Across Religious Groups in
the German Condition

Table 5 summarizes the distribution of biased re-
sponses across all five GPT models for the Ger-
man Religion condition. The results demonstrate
that bias is unevenly distributed across religious
groups. Aggregated across contact types, the high-
est explicit bias rates are observed for Jehovah’s
Witnesses (9.2%), followed by Christianity (8.1%),
Russian Orthodox (5.5%), and Buddhism (5.0%).
In contrast, prompts referencing Islam exhibit the
lowest bias rate (2.4%), with Judaism (4.1%) and
no religious affiliation (3.0%) occupying intermedi-
ate positions. These findings indicate that minority
or denominational Christian groups are particularly
salient triggers of biased responses in the German
setting.

When disaggregated by contact type, biased re-
sponding is most pronounced under Negative con-
tact, with the strongest effects observed for Je-
hovah’s Witnesses and Christianity. Notably, el-
evated bias also persists under No contact condi-
tions for several groups, suggesting that neutral
framing alone does not reliably suppress stereotyp-
ical associations. While Positive contact gener-
ally reduces biased responses across religious cate-
gories, it does not fully eliminate bias for groups
that exhibit higher baseline susceptibility.
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Religion Biased (%) Neutral (%) Unbiased (%)
Jehovah’s Witnesses 9.2 0.0 90.8
Christianity 8.1 0.0 91.9
Russian Orthodox 5.5 0.0 94.5
Buddhism 5.0 0.0 95.0
Judaism 4.1 0.0 95.9
No Religion 3.0 0.0 97.0
Islam 2.4 0.0 97.6

Table 5: Aggregated biased response rates across all
five GPT models and all contact types for the German
Religion condition. Jehovah’s Witnesses and Christians
show the highest bias rates, whereas Muslim prompts
elicit the lowest.

Model-level variation further contextualizes
these patterns. GPT-4 Turbo and GPT-5 gener-
ate comparatively higher proportions of biased re-
sponses than earlier models, reflecting increased
sensitivity to contextual framing. At the same time,
GPT-5 displays a distinctive behavioural profile
characterized by a greater tendency toward conser-
vative response strategies. However, in contrast
to the Icelandic conditions, neutral responses re-
main negligible in the German Religion setting,
indicating that models predominantly produce di-
rect evaluative judgments rather than resorting to
avoidance.

Overall, these results suggest that religious bias
in German-language prompts is shaped primarily
by group-specific sociocultural positioning rather
than by general religiosity alone. In some cases, mi-
nority, non-mainstream, and historically marginal-
ized denominations elicit higher levels of bias, and
their interaction with contact framing highlights the
central role of contextual cues. Negative framing
amplifies biased responding, whereas positive fram-
ing provides partial, but incomplete, mitigation, un-
derscoring the limits of prompt-level interventions
in fully neutralizing model bias.

4.8 Bias Patterns Across Nationality Groups
in the German Condition

Table 6 presents the aggregated bias rates across
nationality groups in the German Nationality con-
dition. Overall, explicit bias remains relatively
low, with unbiased responses exceeding 89% for
all groups. Nevertheless, systematic and inter-
pretable differences emerge across nationalities.
The highest biased response rates are observed for
Syria (9.6%), Afghanistan (8.7%), and Iraq (8.3%),
followed by Bosnia and Herzegovina (7.8%) and
Romania (6.9%). These nationalities consistently
elicit elevated biased responses across contact fram-



ings and models, in contrast to most Western,
Southern, and North American groups, which re-
main below 3% biased output.

Although explicit bias is infrequent overall, its
distribution is clearly non-uniform. Nationalities
associated with recent refugee movements, geopo-
litical instability, or heightened public and media
discourse in Germany tend to attract higher bias
rates, suggesting that sociopolitical salience plays
a substantial role in shaping model behaviour. In
contrast, nationalities such as France, Italy, Por-
tugal, and the United States exhibit consistently
low bias levels despite comparable institutional
and cultural visibility. This pattern indicates that
bias expression reflects perceived social distance
and dominant media framing rather than simple
frequency of exposure.

Neutral responses are rare across nearly all na-
tionality groups, remaining below 2% in every case.
This distinguishes the German Nationality condi-
tion from both religion-related and Icelandic na-
tionality evaluations, where avoidance strategies
are more prevalent. In the German setting, mod-
els generally provide direct affirmative or negative
judgments even when addressing socially sensitive
nationalities.

Taken together, these findings demonstrate that
while overall bias levels in German nationality
prompts are limited, they are concentrated among
specific, socially salient groups. Aggregated model-
level metrics therefore obscure meaningful cross-
national variation, underscoring the importance of
fine-grained, group-specific evaluation in multilin-
gual bias assessment.

4.9 Bias Patterns Across Nationality Groups
in the Icelandic Condition

Table 7 summarizes the aggregated bias rates across
all GPT models for the Icelandic Nationality condi-
tion. Although explicit bias remains modest overall,
substantial variation is observed across nationali-
ties. The highest bias rates occur for USA (7.1%),
Venezuela (6.2%), and Denmark (6.2%), followed
by Romania and Spain (4.9%). These groups elicit
disproportionately more biased responses than the
remaining nationalities.

In contrast, several nationalities show compar-
atively low bias levels, including Ukraine (3.8%),
Lithuania (4.0%), Portugal (4.2%), and Poland
(4.2%). These groups consistently receive high
rates of unbiased responses (87-88%), suggesting
strong cooperative judgments across contact fram-
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Nationality Biased (%) Neutral (%) Unbiased (%)
Syria 9.6 1.2 89.2
Afghanistan 8.7 1.0 90.3
Iraq 8.3 1.4 90.3
Bosnia and H. 7.8 0.9 91.3
Romania 6.9 0.7 924
Serbia 6.4 0.8 92.8
Russia 5.9 1.6 92.5
Bulgaria 5.1 0.6 94.3
Hungary 4.8 0.5 94.7
Poland 43 0.4 95.3
Croatia 39 0.4 95.7
Greece 3.6 0.3 96.1
Kosovo 3.4 0.5 96.1
Portugal 32 0.3 96.5
Ttaly 29 0.3 96.8
Turkey 2.6 0.3 97.1
France 2.5 0.2 97.3
India 2.2 0.4 97.4
Ukraine 1.8 0.2 98.0
United States 1.2 0.1 98.7

Table 6: Nationalities with the highest bias rates in the
German Nationality condition, aggregated across all
five GPT models and contact types. Bias levels are
low overall but show consistent elevation for several
nationalities, particularly Syria, Afghanistan, and Iraq.

ings and models.

Neutral responses display noticeable differences
as well. Venezuela and USA exhibit elevated neu-
trality (11.6% and 9.1%, respectively), indicating
a tendency for model abstention or uncertainty.
For most other nationalities, neutrality remains be-
tween 7-8%, reflecting a comparatively low rate of
safety-driven non-commitment.

Overall, the Icelandic Nationality analysis re-
veals that explicit bias is not uniformly distributed
across nationality categories. Instead, particular
nationalities notably the United States, Denmark,
and Venezuela exhibit systematically higher levels
of biased and neutral outputs, while others remain
largely unbiased. These patterns align with the hy-
pothesis that sociocultural salience and perceived
group distance influence LLM bias expression even
in a low-bias environment.

4.10 Bias Patterns Across Religious Groups in
the Icelandic Condition

Table 8 reports the aggregated proportions of bi-
ased, neutral, and unbiased responses across all
GPT models for the Icelandic Religion condition.
The results show clear differences across religious
groups despite overall moderate levels of explicit
bias.

The highest bias rates occur for Russian Or-
thodox (22.9%), followed by Jehovah’s Witnesses
(16.0%) and Christian (13.1%). These find-
ings indicate that non-mainstream or denomina-
tional Christian groups such as the Russian Or-



Nationality Biased (%) Neutral (%) Unbiased (%) Religion Biased (%) Neutral (%) Unbiased (%)
USA 7.11 9.11 83.78 Russian Orthodox 229 10.4 66.7
Venezuela 6.22 11.56 82.22 Jehovah’s Witness 16.0 15.1 68.9
Denmark 6.22 7.11 86.67 Christian 13.1 9.8 77.1
Romania 4.89 8.00 87.11 Buddhist 6.9 8.9 84.2
Spain 4.89 8.22 86.89 No Religion 8.1 0.0 91.9

The Philippines 4.67 8.22 87.11 Islam 6.4 9.3 842
Portugal 4.22 8.00 87.78

Poland 422 8.44 87.33 . .
Lithuania 4.00 8.00 88.00 Table 8: Aggregated biased, neutral, and unbiased re-
Ukraine 3.78 8.67 87.56

Table 7: Aggregated biased, neutral, and unbiased re-
sponse rates across all five GPT models and contact
types for the Icelandic Nationality condition. Bias lev-
els vary across nationalities, with USA, Denmark, and
Venezuela showing notably higher bias rates and neutral
responses than other groups.

thodox Church and Jehovah’s Witnesses provoke
the strongest biased reactions across models. Ele-
vated neutrality for Jehovah’s Witnesses (15.1%)
and Russian Orthodox (10.4%) further suggests
that these categories are perceived as socially sen-
sitive, prompting both explicit bias and increased
avoidance behaviour.

In contrast, Buddhist and Islam show the lowest
explicit bias rates (6.9% and 6.4%, respectively)
and the highest proportions of unbiased responses
(84.2%). These patterns parallel the German Re-
ligion results, where Islam also did not yield the
highest bias levels indicating that model sensitivity
to religious groups may be strongly conditioned
by local cultural context rather than by presumed
global stereotypes. Another hypothesis could be
that more alignment efforts have been already done
to the models for specific groups, and therefore
there is a reduced bias.

Neutral responses remain relatively modest
overall but increase for groups associated with
higher bias levels, highlighting a dual mecha-
nism of stereotyping and uncertainty-driven non-
commitment. Together, the Icelandic Religion find-
ings demonstrate that bias expression is unevenly
distributed across religious categories, with some
denominations repeatedly eliciting stronger biased
and neutral responses even in a relatively low-bias
setting.

5 Discussion

Cross-Condition Comparison. Across all four
experimental conditions, our results reveal a con-
sistent yet nuanced pattern in how GPT models ex-
press and regulate social bias. Explicit bias is low-
est and most stable in the German Nationality con-
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sponse rates across all five GPT models and contact
types for the Icelandic Religion condition. Bias levels
vary across religions, with Russian Orthodox and Jeho-
vah’s Witness, showing notably higher bias rates than
other religious groups.

dition, where nearly all models exhibit near-ceiling
unbiased responses and minimal neutrality. In con-
trast, the Icelandic Nationality condition shows
greater variability across groups, with certain na-
tionalities (e.g., USA, Denmark, Venezuela) elicit-
ing elevated biased and neutral responses. These
findings indicate that nationality-related sensitivity
is not uniform across languages and may depend
on local sociocultural salience. A similar asym-
metry appears across the two religion conditions.
In the German Religion setting, bias concentrates
most strongly on Jehovah’s Witnesses and Chris-
tian subgroups, whereas the Icelandic Religion
condition exhibits heightened bias toward Russian
Orthodox and Jehovah’s Witness, alongside moder-
ate bias toward Christians. Conversely, Islam and
Buddhism show comparatively low bias in both lan-
guages, suggesting that model behaviour is shaped
more by culturally specific religious representa-
tions than by global religious stereotypes. Another
explanation could be existing debiasing efforts and
alignment for specific groups. Notably, neutral-
ity increases systematically in the conditions and
groups that elicit higher bias most prominently in
Icelandic Religion and Icelandic Nationality con-
sistent with a safety-driven avoidance strategy ob-
served most strongly in GPT-5. Taken together,
these results demonstrate that bias expression in
current LLMs is sensitive to both linguistic context
and group-specific framing, with nationality and re-
ligion showing distinct cross-linguistic patterns that
underscore the importance of multilingual evalua-
tion when assessing fairness and model alignment.

Cross-Linguistic Generalizability. The present
findings demonstrate that contact-based probing
extends robustly beyond English, supporting the
cross-cultural validity of contact theory in com-
putational settings (Allport, 1954; Wright et al.,
1997; Amichai-Hamburger and McKenna, 2006).



Across both German and Icelandic conditions, pos-
itive contact consistently reduced explicit bias,
while negative contact amplified it, mirroring prior
English-only results (Raj et al., 2024). This conver-
gence indicates that the underlying socio-cognitive
mechanisms captured by contact framing might not
be language-specific but might generalize across
typologically related European languages. Follow-
ing previous work in the field (Raj et al., 2024), the
concept of cross-cultural validity is approximated
by the languages in our work.

Language-Specific Patterns. Despite this gener-
alizability, the models displayed clear nationality-
specific patterns. German nationality cues elicited
highly stable behaviour across model generations,
with consistently low bias and minimal neutral-
ity even under negative contact. In contrast, Ice-
landic nationality elicited substantially more vari-
ability, stronger sensitivity to negative framing,
and elevated neutral responses especially in later-
generation models such as GPT-4 and GPT-5.
These cross-linguistic differences underscore the
importance of culturally contextualized descrip-
tors and social salience in LLM bias expression
(Smith et al., 2022; Parrish et al., 2022), and cau-
tion against relying solely on English-centric evalu-
ations when assessing model fairness (Bender et al.,
2021).

Model Evolution. The progression from GPT-
3.5 to GPT-4o reflects a clear downward trend in
overt bias, consistent with claims about advances
in dataset curation, alignment, and reinforcement
learning from human feedback (OpenAl et al.,
2023). However, GPT-5 introduced a distinct be-
havioural profile characterized by high rates of neu-
tral responses, particularly in sensitive contexts
(e.g., Icelandic nationality and Icelandic religion).
This shift suggests that newer models increasingly
rely on safety-driven non-commitment when uncer-
tainty or social risk is detected, rather than resolv-
ing bias through more robust reasoning. Residual
bias and avoidance behaviours therefore persist in
nuanced forms (Zhao et al., 2023), even in the most
recent model generations.

Mitigation Implications. The consistency of
contact effects across languages indicates that
contact-based prompt strategies (Raj et al., 2024)
may serve as a practical, model-agnostic mitigation
mechanism, complementing algorithmic and rep-
resentational debiasing approaches (Zhang et al.,

98

2018; Zhao et al., 2018). However, the elevated
neutrality in GPT-5 suggests that mitigation efforts
should also address avoidance-based failure modes,
which differ qualitatively from explicit stereotyp-
ing and may obscure underlying decision-making
limitations.

Limitations and Future Work. This study is
limited to two languages, two dimensions of so-
cial identity, and GPT-family models. Addition-
ally, the response space is restricted to categor-
ical judgments, which may mask subtler forms
of bias or reasoning. Also the manual review
process by native speakers with human judgment
might have impacted the classification of unam-
biguous answers. Future work should expand to
more languages and cultural contexts, incorporate
open-source and smaller models, and explore fine-
tuning or prompting interventions that leverage con-
tact framing more systematically (Raj et al., 2024).
Longitudinal analyses across model updates may
further clarify whether neutrality reflects genuine
caution or unresolved representational gaps.

6 Conclusion

This work extends contact-hypothesis probing be-
yond earlier German-only studies by introducing a
parallel Icelandic dataset for both nationality and re-
ligion, enabling a controlled cross-linguistic evalu-
ation of bias in contemporary GPT models. Across
all conditions, the models exhibit clear contact-
aligned shifts positive contact reliably increases
acceptance, whereas negative contact amplifies bi-
ased responses confirming the psychological pre-
dictions of contact theory (Allport, 1954; Wright
et al., 1997; Raj et al., 2024). At the same time, the
magnitude and distribution of bias differ system-
atically between languages and social categories.
Nationality prompts in German yield near-ceiling
unbiased responses, whereas Icelandic nationality
prompts show higher variability and a greater ten-
dency toward safety-driven neutrality. In the reli-
gion conditions, bias concentrates on some groups
(e.g., Russian Orthodox, Jehovah’s Witness), while
Islam and Buddhism receive comparatively low
bias across both languages, highlighting strong cul-
tural and contextual effects (Smith et al., 2022;
Parrish et al., 2022).

Together, these results demonstrate that bias in
LLMs cannot be meaningfully assessed in a sin-
gle language or cultural setting. Instead, multilin-
gual and context-sensitive evaluation is essential



to understanding the sociolinguistic contours of
model behaviour. The consistent alignment with
contact framing across languages further suggests
that theory-grounded approaches from social psy-
chology can inform more reliable and generalizable
bias-mitigation strategies.

Future work should extend this framework to
additional languages, model families, and social
categories, and explore contact-aware training or
prompting as a structured path toward safer and
culturally adaptive language models.
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A Scenario Comparison

Tables 9 and 10 show the bias distribution among
the different scenarios for the experiments with the
German language.

Tables 11 and 12 show the bias distribution
among the different scenarios for the experiments
with the Icelandic language.

Across languages and identity dimensions, sce-
nario effects followed a consistent structural pattern
but differed substantially in magnitude. Workplace
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Scenario Biased (%) Neutral (%) Unbiased (%)

Workplace 14.9 10.2 74.9
Healthcare 4.0 4.3 91.7
Sports 3.8 9.2 87.0
Education 1.9 5.6 92.5
Community 0.2 2.7 97.1

Table 9: Bias distribution across German religion sce-
narios aggregated over models and contact conditions
(balanced scenario counts).

Scenario Biased (%) Neutral (%) Unbiased (%)

Scenario Biased (%) Neutral (%) Unbiased (%) Workplace 26.1 13.9 60.0
Education 35 24 041 Healthcare 11.5 7.8 80.7

. Sports 10.7 12.0 772
Community 33 2.8 93.9 .

Education 7.8 7.0 85.2

Sports 3.2 28 94.0 Community 48 72 88.0
Healthcare 3.0 2.5 94.5 ; ; ;
Workplace 2.6 3.1 94.4

Table 11: Bias distribution across Icelandic religion sce-

Table 10: Bias distribution across German nationality =~ Narios aggregated over models and contact conditions
scenarios aggregated over models and contact condi-  (balanced scenario counts).
tions (balanced scenario counts).

contexts were the most bias-prone across all condi-
tions, whereas Community scenarios were consis-
tently the most robust. Religion elicited higher bias
levels than nationality in both languages, with Ice-
landic religion showing the strongest effects over-
all (26.1%), followed by German religion (14.9%).
Nationality prompts produced comparatively lower
bias, particularly in German (<= 3.5% across all
scenarios). While the ranking of scenarios re-
mained stable cross-linguistically, bias intensity
was clearly modulated by both language and iden-

tity type.

Scenario Biased (%) Neutral (%) Unbiased (%)

Workplace 11.7 13.2 75.1
Healthcare 7.4 7.0 85.6
Sports 42 9.3 86.4
Education 1.7 6.8 91.6
Community 0.1 6.3 93.6

Table 12: Bias distribution across Icelandic nationality
scenarios aggregated over models and contact condi-
tions (balanced scenario counts).
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