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Abstract

Large language models (LLMs) are increas-
ingly used as evaluative tools across languages,
yet bias research remains overwhelmingly An-
glocentric, with most studies conducted in En-
glish using Latin-script names. It remains un-
clear whether bias patterns generalize across
linguistic contexts. We investigate this ques-
tion and introduce the stereotype perceptual
map, a framework for analyzing how ethnic
groups are positioned along evaluative dimen-
sions. We find that prompt language and writ-
ing script alter the hierarchical ordering of eth-
nic groups and reveal model behaviors that
monolingual evaluations fail to detect. Using
900,000 model responses over 45,000 name
variations spanning 9 ethnicities, we evaluate
model behavior across prompt languages (En-
glish, Chinese, Thai), writing scripts (Latin,
Chinese, Thai), evaluative domains (compe-
tence, warmth), and models (GPT, DeepSeek).
We find that ethnic bias hierarchies are jointly
shaped by local linguistic context and model
origin and differ substantially between Western-
centric and Sinocentric models. DeepSeek ex-
hibits highly stable rankings across conditions
in math competence judgments, consistently
placing Chinese at the top, followed by Rus-
sian, and White, Hispanic, and Black names
at the bottom. GPT, by contrast, shows strong
script-dependent reordering: Latin-script con-
ditions form one stable cluster, while native-
script conditions form another, with substan-
tially lower cross-cluster correlations. We term
this script-gated bias: transliterating the same
names into a non-Latin script can activate a dif-
ferent evaluative frame and produce rankings
that are sometimes inversely correlated with
Latin-script results. Warmth evaluations are
less stable than competence in both models.

Our study demonstrates that multilingual bias
cannot be characterized by single-language,
single-writing system audits. An organization
auditing for bias only in English with roman-
ized names may observe some levels of eth-
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nic variation, yet the same models, deployed
in another language with transliterated names,
can produce substantially different or even in-
versely correlated ethnic hierarchies. For mul-
tilingual users, code-switching between lan-
guages unknowingly toggles between differ-
ent bias regimes, with potential consequences
for any application where LLMs assess human
competence and character. Fairness evaluations
for multilingual LLMs should therefore test
across deployment languages, writing scripts,
evaluation domains, and model origins to cap-
ture the full range of potentially harmful bias
these systems carry.

1 Introduction

“Mtee Tet ain’t American Imfao.”

"What is it that makes you say [K...
Chutinan] isn’t American?" (In response
to comments regarding the USA Inter-
national Math Olympiad team members’
ethnic names)

“People who want to assimilate to Amer-
ica don’t name their kids ‘Savithri.””

These real social media reactions to children’s
names show how quickly personal names become
bases of exclusion and ethnocentric judgment. In
2026, U.S. politician and former presidential candi-
date Vivek Ramaswamy announced his daughter’s
name Savithri, prompting backlash that framed the
name as “not American enough.” Rather than being
treated as neutral identifiers, names were read as
signals of belonging, authenticity, and deserving-
ness, often with social penalties for those deemed
outside the cultural mainstream. These reactions
illustrate a broader concern in our multicultural
societies: ethnic names do not merely reflect iden-
tity but they also often reveal underlying cultural
prejudices about who is perceived as legitimate,
competent, trustworthy, or truly belonging.
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Increasingly, LLMs are used to assist or substi-
tute for human evaluators in high-stakes domains
such as education, healthcare, and hiring, which
shape life chances and access to resources. Grow-
ing evidence shows that these models carry covert
sociocultural biases that shape how people are eval-
uated, even when protected characteristics are not
explicitly mentioned. Yet most existing work has
focused on broad racial categories within English-
dominant settings, leaving a critical gap in our un-
derstanding of how bias operates across languages,
writing systems, and more granular identity sig-
nals. It remains unclear whether these bias patterns
persist when the same names are evaluated across
different languages and writing systems.

This paper investigates ethnic names as a system-
atic, underexplored lens for uncovering multilin-
gual Al bias. Names signal rich social information
about ethnicity, religion, gender, migration history,
and class. They also activate social heuristics such
as stereotypes and ethnocentrism, the tendency to
favor one’s perceived in-group while stereotyp-
ing or devaluing out-groups. Decades of social
science research show that ethnocentrism shapes
how people interpret information, assess compe-
tence, and allocate trust. However, whether LLMs
exhibit analogous patterns of in-group favoritism
across languages and cultural contexts remains
largely unknown. Furthermore, although it has
been found that LLMs rank individuals hierarchi-
cally based on their name ethnicity (Sakunkoo and
Sakunkoo, 2025), the experiment was conducted
in English and on LLMs originated in the United
States. By systematically varying first and last
names across 9 ethnicities, 3 languages (English,
Chinese, Thai), and two universal, orthogonal hu-
man dimensions (competence and warmth), this
work examines whether LLMs privilege culturally
proximate names to the prompt languages, pro-
duce implicit hierarchies among ethnic groups, or
treat transliterated identities differently. Our exper-
iments, analyzing 900,000 LLM responses, reveal
that LLM bias operates through multiple interact-
ing mechanisms rather than a single axis of discrim-
ination. We find stark contrasts between GPT’s and
DeepSeek’s biases and hierarchies. Overall, we
show significant ethnic name bias in multilingual
LLMs. Multilingual context reorganizes ranking
hierarchies, and models differ in how stable those
biases are. These findings demonstrate that fairness
evaluations based on single-language testing do not
hold for multilingual LLMs, and LLM evaluations

should systematically vary prompt language, writ-
ing script, evaluation domain, and model choice to
understand harmful bias exhibited by multilingual
Al systems in an era of global Al deployment.

2 Background

2.1 Stereotype and Bias

Humans naturally categorize both themselves and
others into social groups, often along boundaries
such as ethnicity. Once formed, categories become
the basis of prejudgment (Allport, 1954). Although
such categorization may once have served survival
purposes, modern social categories are filled with
stereotypes, which are biased thoughts and beliefs
about a person or social group due to their social
category (Fiske, 2026; Eberhardt, 2019). The term
originally referred to a printer’s metal plate that
could hold an entire page of print, allowing print-
ers to produce identical copies of a page. Walter
Lippmann described stereotypes as “the pictures
in our heads” that present members of a group to
have the same attributes (Eberhardt, 2019). While
stereotypes may originate from observations, they
are often exaggerated and restrictive, shaping ex-
pectations and limiting opportunities (Kite et al.,
2022). Relatedly, prejudice refers to evaluative atti-
tudes or biases against people based on their group
membership (Fiske et al., 2007).

Historically, stereotypes and prejudice were fre-
quently overt, openly disadvantaging minoritized
groups. For example, research in the United States
has documented persistent stereotypes portraying
Black individuals as less competent and less trust-
worthy (Hofmann et al., 2024), while early stud-
ies revealed explicit negative views toward Jewish
people (Katz and Braly, 1933). In particular, anti-
Black prejudice was especially pervasive in the
United States (Kite et al., 2022). Although overt
bias has declined over time, it often persists in sub-
tle and implicit forms that continue to influence
behavior and resource allocation. Bias can also
change over time, with newer immigrant groups
frequently becoming targets of hostility and dehu-
manizing stereotypes (Eberhardt, 2019).

Although numerous stereotypes exist, they can
be organized along two core dimensions (Fiske
et al., 2007): competence and warmth, which re-
flect judgments about others’ abilities and inten-
tions. Groups perceived as high in both warmth
and competence elicit admiration, those low on
both evoke contempt, high competence but low
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Figure 1: Investigating and Contrasting Al Ethnic Name Prejudice in GPT and DeepSeek

warmth produces envy, and high warmth but low
competence leads to paternalistic attitudes.

2.1.1 Ethnic Biases in LLMs

Large language models have rapidly become ubig-
uitous and active participants in evaluative work-
flows, often operating alongside human decision-
makers. In domains such as education, healthcare,
hiring, finance, and governance, LLM-based sys-
tems increasingly assist human evaluators in judg-
ing competence and credibility of individuals, shap-
ing their life chances, social mobility, and access
to resources. In this hybrid human-Al environment,
fairness, accountability, and social harm are central
challenges for designing fair Al evaluation agents.
Growing evidence suggests that they can repro-
duce, transform, and amplify deeply rooted social
inequalities in subtle ways that are difficult to detect
through surface-level evaluations. Recent work has
demonstrated that LLMs show covert forms of prej-
udice that emerge in context-dependent evaluation
(Kerche et al., 2026). For example, LLLMs exhibit
anti-Muslim bias (Abid et al., 2021), treat text dif-
ferently based on dialectal cues such as African
American English (Hofmann et al., 2024), discrim-
inate between otherwise identical resumes when
names signal race or gender, and alter medical rec-
ommendations based solely on sociodemographic
labels. Hofmann et al. (2024) found that LLMs
covertly exhibit highly negative archaic stereotypes

of speakers of African American English, and the
associations are much more harmful than what the
models overtly claim. These findings indicate that
LLMs carry sociocultural priors that shape how
people are categorized, evaluated, and treated, even
when protected characteristics are not explicitly
mentioned. Yet most existing work has focused on
limited racial categories within English-dominant
settings, leaving a critical gap in our understanding
of how bias operates across cultures, languages,
and more granular ethnic identity signals.

2.2 Names

Several recent works have studied name biases
in LLMs (Maudslay et al., 2019; Shwartz et al.,
2020; Wolfe and Caliskan, 2021; Wang et al.,
2022; Jeoung et al., 2023; Sakunkoo and Sakunkoo,
2025). An et al. (2024) studied 300 White, Black,
and Hispanic first names and found that LL.Ms tend
to favor White applicants in hiring decisions, while
Hispanic names receive the least favorable treat-
ment.

Sakunkoo and Sakunkoo (2025) analyzed 45,000
name variations across 5 ethnicities and found that
LLMs construct status hierarchies based on names
signaling race and gender. Rather than exhibiting
uniform White favoritism, the models often rank
East Asian names highest in perceived academic
competence while Southeast Asian names are con-
sistently ranked lowest, complicating both simplis-
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tic racial bias models and the monolithic “model
minority” stereotype. While this work documents
name-based stratification, it is conducted primar-
ily within English-language prompts, leaving open
questions about how such hierarchies shift across
languages, writing systems, and cultural contexts.

Building on these insights and gaps, this paper
provides large-scale empirical evidence comparing
and contrasting an American-based LLM and a
Chinese-based LLLM in a multilingual setting and
examining whether and how ethnic name biases
emerge when the prompt language of interaction
and the linguistic scripts of the names change.

We address the following research questions:

Q1: What ethnic name bias and hierarchical
patterns are evident in GPT’s and DeepSeek’s re-
sponses?

Q2: How do these patterns differ across the two
LLMs (American vs Chinese), prompt languages,
linguistic name scripts, and evaluative domains?

3 Experiment Setup

Figure 1 provides an overview of our experimen-
tal design. We investigate how prompt language,
writing script, and model choice jointly shape eth-
nic bias in LLM evaluations. Our design varies
four factors: model (GPT-40-mini, DeepSeek-V3),
prompt language (English, Chinese, Thai), writ-
ing script (Latin, native), and evaluation domain
(competence and warmth). We test language—script
combinations likely to occur in real deployment:
English prompts with Latin-script names, Chinese
prompts with both Latin-script and Chinese-script
names, and Thai prompts with both Latin-script
and Thai-script names. We select two models devel-
oped by organizations in different cultural and regu-
latory contexts, GPT-40-mini (OpenAl, US-based)
and DeepSeek-V3 (DeepSeek, China-based), to
test whether bias patterns reflect model-specific dis-
tinct institutional, cultural, and alignment contexts
in which they were developed rather than universal
stereotypes.

Name Data We evaluate 9 ethnic groups: Chi-
nese, Indian, Iranian, Jewish, Russian, Thai, White
(European-American), Black (African-American),
and Hispanic !. These groups are selected to span
ethnic, geographic, cultural, and geopolitical cat-
egories and to include groups for which distinct
native-script name forms exist (Chinese and Thai).

'In random order

For each ethnic group, we compile prototypi-
cal first and last names that are associated with
the target ethnicity, verified by natives of the rel-
evant ethnic background. The names are evenly
distributed between female and male. For each eth-
nicity, pairing 100 first names with 50 last names
produces 5,000 unique name variations, for a total
of 45,000 across all ethnicities. (Name selection
details are available in Appendix A.) Names are
presented in 2 script conditions: Latin script (ro-
manized forms used across all prompt languages)
and native prompt-language script.

Prompts Mathematical competence serves as a
competence-dimension measure in the Stereotype
Content Model (Fiske et al., 2007), anchored to
an objective scale and therefore expected to be rel-
atively resistant to cross-linguistic semantic drift.
Authenticity is our warmth-dimension construct,
a character judgment central to hiring decisions,
university admissions, and appeal (O’Connor et al.,
2017; Heimann and Schmitz-Wilhelmy, 2024). All
prompts follow a template that requests a numeri-
cal prediction for a named individual. Each prompt
specifies a named individual (with first and last
names drawn from the ethnic name pool in the
appropriate script) and an evaluation task (competi-
tion math score prediction and authenticity rating).
The name-substitution methodology for detecting
bias is well established (An et al., 2024; Green-
wald et al., 1998; Bertrand and Mullainathan, 2004;
Caliskan et al., 2017), and our prompts contain only
the applicant’s first and last names with no addi-
tional biographical details; education, experience,
or other demographic information are deliberately
omitted so that any systematic variation in model
predictions can be attributed solely to the name’s
signal rather than confounding applicant character-
istics (Veldanda et al., 2023). Numerical scores are
then extracted from model responses.

Regression Analyses For each of the 20 con-
dition combinations, we employ ordinary least
squares (OLS) regression to analyze how the LLM
assigns math competence and authenticity scores
based on ethnicity and gender, through student
first and last names. We use bootstrap resampling
(1,000 replications) to estimate coefficient variabil-
ity and ensure robust inferences. We then rank-
order the nine ethnic groups by their statistically
significant coefficients within each condition to
produce an ethnic bias hierarchy.

Rank Stability Comparison To assess whether
bias hierarchies are stable across conditions, we
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compute pairwise Spearman rank correlations be-
tween all condition pairs within and across mod-
els. This evaluates whether the relative ordering of
groups is preserved, a more informative measure
than comparing raw score differences, which vary
in scale across domains and models.

Cross-Model Comparison We directly compare
the two models’ ethnic hierarchies under matched
conditions to identify where they converge and
diverge. This reveals whether bias patterns are
shared properties of LLMs in general or reflect
model-specific cultural origins and whether there
are differences between standard English-language
evaluation and multilingual testing.

Stereotype Content Model We plot each eth-
nic group’s perceived warmth (authenticity) and
competence (math) to construct stereotype percep-
tual maps for each model-language—script condi-
tion. The resulting quadrant structure—admiration
(high competence, high warmth), envy (high com-
petence, low warmth), contempt (low competence,
low warmth), and pity (low competence, high
warmth) (Fiske et al., 2002)-allows us to observe
where individual groups are placed along stereo-
typical dimensions and how their stereotypes shift
when the prompt language, writing script, or LLM
model changes.

LLMs We conduct our experiments on ethnic
name biases using GPT4o0-mini and DeepSeek-V3
to test whether they differ in ways that align with
their companies’ cultural origins (Western-centric
and Sinocentric, respectively).

4 Results and Discussion

4.1 Predicted Math Competence

A consistent finding across both models is that
mathematical bias hierarchies are more stable
within models, but the degree of stability and
the hierarchies differ remarkably between mod-
els. DeepSeek exhibits virtually no script and
prompt language effect. As shown in Figure 3,
all ten pairwise correlations among its five math
conditions fall at or above p = 0.90, with Chinese
names maintaining rank 1 and Russian names rank
2 across every condition regardless of prompt lan-
guage or script. The bottom three are consistently
White, Hispanic, and then Black names. The near-
complete invariance of DeepSeek’s math hierarchy
implies that whatever stereotypic associations drive
mathematical competence prejudice in DeepSeek,
they are deeply embedded and resistant to surface-

level linguistic manipulation.

GPT, however, produces math rankings that clus-
ter tightly by script type. As shown in Figure 2, the
three Latin-script conditions (English prompt-Latin
name script, Chinese prompt-Latin name script,
Thai prompt-Latin name script) intercorrelate at a
mean p = 0.94, while the two native-script condi-
tions (Chinese prompt-Chinese name script, Thai
prompt-Thai name script) correlate with each other
at p = 0.97. However, cross-cluster correlations
drop to a mean p = 0.66, a substantial decline as
switching from Latin to native name script reor-
ganizes the hierarchy. The most striking shift in
GPT is positional: Chinese names rank 1st or 2nd
across all Latin-script conditions, but White names,
which are ranked 3rd in Latin-script conditions,
rise to 1st in both native-script conditions (Figure
6). Also, while the Thai prompt/Thai name script
condition places Chinese 6th in the hierarchy, ro-
manizing the name script to Latin script pushes
Chinese students to 1st in the hierarchy. This is, to
our knowledge, the first empirical demonstration
that a leading multilingual LLM can produce in-
versely correlated ethnic bias hierarchies simply by
transliterating the same names, under matched con-
ditions. This pattern, which we term script-gated
bias, suggests that native-script contexts may acti-
vate a different evaluative frame in GPT. In stark
contrast to DeepSeek’s hierarchy, Iranian and Thai
names consistently rank at the bottom in GPT’s
mathematical hierarchy.

Pairwise Spearman p Ranking Stability — GPT-40-mini Math Conditions

Chinese Thai
Chinese Thai

English Chinese Thai
Latin Latin Latin

English
Latin

Chinese | =
Latin | 2

Thai
Latin

Spearman p

k 6.70 0‘62

Figure 2: Pairwise Rank Order Correlations of GPT
math competition conditions. Latin name script con-
ditions form a tight cluster, while native name script
conditions cluster separately.

Chinese
Chinese

Thai
Thai

These contrasting patterns reveal that hierarchi-
cal ethnic prejudice differs across models, and
within-model stability is not a general property
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Pairwise Spearman p Ranking Stability — DeepSeek Math Conditions
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Figure 3: Pairwise Rank Order Correlations of
DeepSeek math competition conditions show high sta-
bility of ethnic rankings across linguistic conditions.

of LLMs but a model-specific characteristic. The
same experimental manipulation such as switch-
ing from Latin to native script produces negligible
effects in one model (DeepSeek) but substantial
hierarchy reorganization in another (GPT).

4.2 Authenticity

Authenticity hierarchies are much less stable than
mathematical ones in both models. In GPT, Thai
names, ranked 9th (last) in the English condition,
rises to Ist in the Thai condition, a full inver-
sion rather than a slight shift. Furthermore, In-
dian names rank 1st in the English condition, but
White names rank 1st in both Chinese linguistic
conditions. GPT consistently ranked Iranians and
Russians in the bottom three in terms of perceived
authenticity.

DeepSeek’s authenticity rankings are more sta-
ble than GPT but still much less stable than its own
math rankings. Similar to GPT, Iranian and Russian
names, again, are ranked in the bottom of authen-
ticity stereotype in all language conditions. While
Chinese individuals are ranked 4th in DeepSeek’s
English condition, they are consistently in the top
two in non-English linguistic conditions.

Strong ethnocentrism also emerges in
DeepSeek’s  Thai-Thai  authenticity condi-
tion, where Thai names rise to 1st and deviate +6
points above the group mean, showing that the
Thai prompt/Thai name script condition results
in the model giving Thai people much higher
authenticity rating. This in-group favoritism is
absent under the Thai prompt, Latin-script testing,
where Thai names rank 5th.

The results hence show a script-gated translitera-
tion bias that is invisible when testing with roman-
ized names (Latin script) alone.

Stereotype Perceptual Map — GPT-40-mini, English Prompt, Latin Script
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Figure 4: Stereotype perceptual map for GPT-40-mini

in its native frame (English prompt, Latin script). Quad-
rants follow the Stereotype Content Model

Stereotype Perceptual Map — DeepSeek, Chinese Prompt, Chinese Script
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Figure 5: Stereotype perceptual map for DeepSeek in
its native frame (Chinese prompt, Chinese name script).

4.3 Stereotype Content Model

The stereotype perceptual maps provide insight
into both striking regularities and consequential
divergences across models and conditions.
Certain positions are remarkably stable. Russian
names occupy the Envy quadrant (competent but
inauthentic stereotype) in every single map across
both models, all languages, and all scripts. This is
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one of the most invariant findings in the study: re-
gardless of language and cultural frame, the models
perceive Russian names as mathematically capable
but interpersonally low on authenticity.

Chinese names occupy Admiration (competent
and authentic) in every DeepSeek condition, the
only ethnic group to hold this position across all
five maps in DeepSeek, which has learned an un-
shakeable positive stereotype of Chinese identity
on both dimensions, consistent with the model’s
origin. White names exhibit asymmetric stabil-
ity across the two models. In GPT, White names
never leave the Admiration quadrant in any tested
linguistic condition, the only group with this prop-
erty in GPT’s maps. In DeepSeek, White names
consistently fall to Paternalism or the lower half
of the map, perceived as authentic but mathe-
matically weak. This is a consequential diver-
gence between the two models: GPT has learned
a generalized White prestige on both dimensions,
while DeepSeek has a different bias pattern favor-
ing Chinese-named individuals. An organization
choosing between these models for evaluative tasks
would be choosing between two fundamentally dif-
ferent positions on where ethnic names fall in the
stereotype space.

Thai names are stuck in Contempt in four of five
GPT conditions, regardless of language or script.
Even in Thai-Thai, where Thai names rank first on
authenticity, they rank last on competence, moving
from Contempt to Paternalism/Pity but never reach-
ing the upper quadrants (Figure 6). In DeepSeek,
Thai escapes Contempt more often, reaching Ad-
miration in Thai—Thai, Paternalism in Thai—Latin,
and Envy in Chinese—Chinese, but remains in the
Contempt zone in both English and Chinese—Latin
conditions.

Black and Hispanic names, while generally con-
centrated in the lower quadrants of either low
competence or low authenticity, show more mo-
bility in GPT than in DeepSeek. In DeepSeek,
both groups are locked in Contempt or Paternalism
across nearly all conditions. In particular, Black
names unfairly occupy the Contempt position in
multiple conditions, with competence deviations
exceeding negative seven points, the largest single-
group penalty on either dimension in the dataset.
Iranian names remain in the Contempt or lower
Envy region in nearly all conditions.

These patterns suggest that some ethnic groups
hold fixed positions in the hierarchy across con-
ditions, while others occupy varying status levels

depending on which model is used, what language
the prompt is in, and how names are written.

The maps show that the same person, evaluated
by the same model, can be moved from Admira-
tion to Contempt solely due to changes in prompt
language and name script, despite no change in
capability or character. Yet not all groups are
equally subject to this reconfiguration: some are
consistently disadvantaged regardless of condition,
trapped in unfavorable quadrants by stereotypes
that cannot be easily dislodged by linguistic manip-
ulation.

One possible explanation for the script
effects—which we leave for future mechanistic
investigation—is that writing script may function
as a latent contextual signal rather than a neutral
representation. The same name, rendered in
different scripts, may have different internal
representations, and training data may associate
scripts with distinct cultural contexts.

Stereotype Perceptual Map — GPT-40-mini, Thai Prompt, Thai Script
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Figure 6: Stereotype perceptual map for GPT-40-mini
in Thai prompt, Thai name script.

5 Conclusion

Across all conditions, a persistent pattern emerges:
each LLM carries ethnic biases that reflect, at least
partially, the cultural context of its development.
The rankings are statistically significant, and cer-
tain ethnicities consistently cluster at the top or bot-
tom. However, the specific shape of those biases is
malleable as it shifts based on prompt languages,
writing scripts, and subjects.

GPT ranks White (European-American) names
Ist or near the top, occupying the Admiration quad-
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rant across conditions regardless of prompt lan-
guage or script and revealing a Western-centric
default that persists even when the model is used in
non-English languages. This is not because White
names always receive the highest scores. Rather,
White names are the only group that is never sub-
stantially penalized in any condition. We character-
ize this as a floor effect: GPT may not have learned
that White names are the best but they are never
bad. In practical terms, this means White-named
individuals are the only group whose GPT-assisted
evaluations are robust to the arbitrary conditions
of deployment—which language the evaluator uses,
which script the name is entered in, and which do-
main is being assessed. Other ethnic groups are
subject to a lottery determined by these deploy-
ment choices. DeepSeek consistently places Chi-
nese names in the Admiration quadrant, at or near
the top across both domains and all script condi-
tions. In math, this Sinocentric bias of DeepSeek is
absolute: Chinese is 1st in every condition. In con-
trast, some ethnic groups are locked in unfavorable
stereotype positions across all conditions although
the specific disadvantaged groups differ between
models.

We have shown that ethnic bias in LLMs is not a
fixed property but a dynamic system shaped by the
interaction of prompt language, writing script, eval-
uation domain, and model provenance. Prompt lan-
guage and writing script can change which groups
are favored. A bias audit conducted in one lan-
guage does not generalize to another. Some bias
patterns such as hierarchy inversions in authentic-
ity and script-gated effects are invisible under ro-
manized testing and emerge only when evaluation
moves beyond English. Many multilingual users
may unknowingly traverse different bias regimes.
A bilingual user who switches between English and
another language when interacting with the same
model may receive biased evaluations governed
by different ethnic hierarchies. Code-switching, a
natural behavior for many global users, also func-
tions as an inadvertent bias toggle. We propose
that bias evaluations for multilingual LLMs test,
at minimum, across deployment languages, writ-
ing scripts, and evaluation domains. As LL.Ms are
increasingly deployed as evaluative tools for the
global majority who do not operate solely in En-
glish and romanized name scripts, fairness research
must follow them there.

Limitations

This study includes only nine ethnicities, out of
numerous other ethnic identities. The study’s deci-
sion does not suggest that other ethnicities are not
important. We also acknowledge potential limita-
tions in our name dataset, as discussed in Appendix
A. Additionally, Names also indicate other traits
such as age and religion. Furthermore, this study
evaluates two LLMs, and future research should
assess a wider range. Testing language models
in additional non-English languages may reveal
new biases and social hierarchies not shown in the
present research.

Our study uses a minimal-context design to iso-
late how LLMs respond to names alone. This ap-
proach detects whether a name itself triggers bi-
ased predictions even before the model receives
substantive input. Admittedly, this design may not
fully capture how biases operate in richer contexts.
Future research may incorporate those broader con-
textual inputs.
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A Name Data

We compiled first and last names from international
academic and music competition rosters, as well
as frequent name entries in population databases.
We randomly sampled these sources to balance
representation, and native speakers verified each
name’s ethnic origin. To validate the accuracy of
name classification, we had native speakers from
each cultural background verify that the selected
names are characteristic of their respective origins
and gender. We excluded ambiguous entries to en-
sure reliability. One consideration is that national
competition delegates often come from higher so-
cioeconomic backgrounds and potentially bias our
dataset. Nevertheless, we expect this bias to re-
main uniform across origins. Although we expect
this bias to be relatively uniform across different
origins, socioeconomic inequality is a limitation
that would require further research. Researchers
interested in the name lists may contact the authors.
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B Sample Ethnic Hierarchies

All regression analyses yield statistically signifi-

cant results.

GPT's Ethnic Name Effects on Math Competition Score Prediction
out of 150. English Prompt.

Latin Script - Divergence from grand mean (119.95)

DeepSeek’s Ethnic Name Effects on Authenticity Judgment. Thai
Prompt.
Latin Script - Divergence from grand mean (77.83)
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Grand mean of ethnicity estimates = 77.83 - Female Name estimate = 2.39 (not shown)

Figure 7

DeepSeek’s Ethnic Name Effects on Authenticity Judgment. Thai
Prompt.

Thai Script - Divergence from grand mean (69.65)
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Grand mean of ethnicity estimates = 69.05 - Female Name estimate = 4.77 (not shown)
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Grand mean of ethnicity estimates = 119.95 - Female Name estimate = -0.65 (not shown)

Figure 9

DeepSeek's Ethnic Name Effects on Math Competition Score
Prediction. English Prompt.

Latin Script - Divergence from grand mean (124.65)
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Figure 8: Fig. 7-8 show ethnic hierarchies; same Thai
prompt; Latin vs. Thai name script (Thai rises to No.1) ~ Figure 10: Fig. 9-10 show ethnic rankings of math

competition predictions by GPT vs DeepSeek
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Figure 11: Spearman p Correlations of GPT and
DeepSeek authenticity hierarchy conditions
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C Stereotype Perceptual Maps

Stereotype Per ual Map — Deep! ! lish Prompt, Latin Script
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English prompt, Latin name script.

Stereotype Perceptual Map — DeepSeek, Chinese Prompt, Latin Script
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Figure 14: Stereotype perceptual map for DeepSeek in
Thai prompt, Latin name script.
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Figure 15: Stereotype perceptual map for DeepSeek in
Thai prompt, Thai name script.
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Stereotype Perceptual Map — GPT-40-mini, Chinese Prompt, Latin Script

Stereotype Perceptual Map — GPT-40-mini, Thai Prompt, Latin Script
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Figure 16: Stereotype perceptual map for GPT in Chi-
nese prompt, Latin name script.

Figure 18: Stereotype perceptual map for GPT in Thai
prompt, Latin name script.

Stereotype Perceptual Map — GPT-40-mini, Chinese Prompt, Chinese Script Stereotype Perceptual Map — GPT-40-mini, Thai Prompt, Thai Script
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Figure 17: Stereotype perceptual map for GPT in Chi-
nese prompt, Chinese name script.

Figure 19: Stereotype perceptual map for GPT in Thai
prompt, Thai name script.
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