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Abstract

As generative AI (GenAI) systems are increasingly deployed in cross-language

research evaluation, whether GenAI evaluates multilingual scholarship with-

out language-induced bias remains unclear. This study examines language

bias patterns in GenAI evaluation of humanities and social sciences (HSS)

research across models and disciplines. Using a within-subjects design, 1150

expert-selected papers from 23 disciplines were evaluated by GPT-4o and

DeepSeek-V3 in Chinese and English. Results reveal opposite language biases

depending on model type: GPT-4o favors English (Cohen's d = 1.10), while

DeepSeek-V3 favors Chinese (Cohen's d = �0.87), persisting across all disci-

plines. Thematic analysis reveals a systematic decoupling between scores and

evaluative reasoning: both models generate more critical comments for

English papers, yet arrive at opposite scores through different rhetorical

strategies—GPT-4o tends to moderate its positive assessments of Chinese

papers while DeepSeek-V3 amplifies them. This decoupling suggests that bias

is embedded in the multi-layered pathways through which models generate

and aggregate evaluations. This study provides controlled evidence that lan-

guage bias in GenAI evaluation is bidirectional and model-dependent, with

scores not directly reflecting evaluative justifications. The findings have impli-

cations for designing fairer multilingual academic evaluation systems and for

understanding the limitations of GenAI as scholarly evaluation

infrastructure.

1 | INTRODUCTION

Generative AI (GenAI) is rapidly entering academic eval-
uation contexts, from manuscript screening and peer
review to quality assessment and funding decision sup-
port (Thelwall, 2025a, 2025e; Zhu, Lu, et al., 2026). As
these systems become increasingly embedded in aca-
demic decision-making infrastructure, their fairness,
transparency, and reliability have emerged as unavoid-
able concerns (Hicks et al., 2015). Research has revealed

that GenAI exhibits systematic biases across gender
(Hall & Ellis, 2023), race (Noseworthy et al., 2020), insti-
tutional prestige, career stage, and discipline (Thelwall &
Kousha, 2023; Zhu, Haunschild, et al., 2026). These
biases not only affect individual researchers but also
structurally impact knowledge production systems. Yet a
crucial and long-overlooked attribute is writing language.
As cross-language submissions, international collabora-
tions, and multilingual review processes grow more com-
mon, departments increasingly rely on GenAI to handle
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cross-language evaluation tasks, making language fair-
ness concerns all the more pressing.

Language serves not merely as a medium for expres-
sing academic content but as a carrier of cultural frame-
works, epistemological traditions, and research
paradigms. The long-standing dominance of English in
the global academic publishing ecosystem creates struc-
tural asymmetries. Non-English academic outputs consis-
tently face disadvantages in acceptance rates, citation
performance, and international visibility (Hamel, 2007),
disparities that cannot be fully attributed to research
quality alone (Ammon, 2001). For scholars from non-
English-speaking regions, language functions not only as
a communication barrier but as a structural factor affect-
ing their academic status and discursive power
(Z. Xu, 2025), particularly in the humanities and social
sciences (HSS) (Fourcade, 2009), and to some extent
across all fields (Salö, 2015, 2018).

In the GenAI era, this issue may be further amplified
(V. Brown et al., 2025). Current mainstream large lan-
guage models are primarily trained on English corpora;
their syntactic preferences, semantic embeddings, disci-
plinary knowledge distributions, and evaluative frame-
works are all shaped by English-dominated academic
culture (Y. Xu et al., 2025). Consequently, GenAI may
mistake English-contextualized academic norms for uni-
versal quality standards, thereby reshaping and consoli-
dating language inequality at the algorithmic level,
especially in the HSS, which are highly sensitive to lan-
guage (Ben-David, 1971) and cultural context (Moed
et al., 2004). For HSS research, concepts are deeply
embedded in linguistic and cultural contexts. Cross-
language expression often entails semantic loss, frame-
work misalignment, or conceptual dilution (Buden
et al., 2009), making such research more vulnerable to
GenAI language bias.

Despite the critical importance of language, system-
atic empirical research on language bias in GenAI aca-
demic evaluation remains scarce (Thelwall &
Kousha, 2023). Existing studies on GenAI cross-language
performance focus primarily on general tasks (Ahuja
et al., 2023) and cannot answer the core question facing
academic evaluation: under conditions of equivalent
research quality, does GenAI provide different evalua-
tions solely due to language differences? This study aims
to fill this gap. Using expert-selected high-quality HSS
samples, we employ a within-subjects design with differ-
ent language presentations of identical research content,
providing the most rigorous test of language effects to
date. Through large-scale experiments and mixed-
methods analysis, this study provides the first large-scale
evidence of cross-language evaluation bias in the HSS
under controlled quality conditions, reveals cross-

disciplinary heterogeneity in language bias, and explains
its semantic origins through mechanism analysis.

2 | THEORETICAL BACKGROUND
AND HYPOTHESES

2.1 | Linguistic bias and algorithmic
fairness in academic evaluation

The core of algorithmic fairness lies in ensuring that
system decisions are independent of task-irrelevant
protected attributes such as gender, race, and national-
ity (Mitchell et al., 2021). In academic evaluation, this
requirement closely aligns with the universalism prin-
ciple in Mertonian scientific norms (Merton, 1942): sci-
entific evaluation should be based on impersonal
criteria rather than the attributional characteristics of
individuals or groups (Langfeldt et al., 2020). The San
Francisco Declaration on Research Assessment
(DORA, 2012) and the Leiden Manifesto (Hicks
et al., 2015) reaffirm this principle, emphasizing that
academic evaluation should transcend disciplinary,
national, and linguistic boundaries, applying unified
standards of academic quality.

Empirical research, however, demonstrates that lan-
guage bias is systematically prevalent in human peer
review. Manuscripts written in non-native or non-
standard English receive systematically lower review
scores even when content quality is equivalent (Politzer-
Ahles et al., 2020). In academic publishing, acceptance
rates for native English-speaking authors are significantly
higher than for non-native authors (Yen & Hung, 2019),
with some reviewers explicitly acknowledging bias
against manuscripts that fail to meet native-like English
standards (Strauss, 2019). This evidence reveals a core
problem that academic content of equivalent quality
receives differential evaluation due to language differ-
ences, directly violating fairness principles in academic
assessment.

With the widespread application of GenAI in aca-
demic evaluation, language bias may persist or even
amplify in new forms. Research has demonstrated Gen-
AI's considerable potential across multiple evaluation
tasks, including assisting peer review (Checco
et al., 2021; Heaven, 2018), assessing academic quality
(Thelwall, 2024; Thelwall & Cox, 2025; Zhu, Lu,
et al., 2026), originality (Huang et al., 2025), and generat-
ing alternative citation metrics (Thelwall, 2025d, 2025e).
However, researchers also stress the need for responsible
use of GenAI in evaluation (Zhu, Lu, et al., 2026), warn-
ing against potential biases in its assessments
(Thelwall & Kurt, 2025).
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Yet current research on the algorithmic fairness of
GenAI in academic evaluation pays insufficient attention
to language bias as a core dimension. To our knowledge,
while existing studies have revealed evaluation biases
potentially triggered by attributes such as gender, nation-
ality (Thelwall & Kurt, 2025), and field (Zhu, Lu,
et al., 2026), few systematically examine whether lan-
guage, a task-irrelevant attribute, triggers evaluation
unfairness, and fewer still provide in-depth explanations
of its underlying mechanisms. This gap is particularly
critical in the HSS, and constitutes the core motivation
for this study.

2.2 | Mechanisms of linguistic bias in
GenAI

The formation of language bias in GenAI can be under-
stood at two levels: imbalance in training data and the
consolidation of spurious correlations during statistical
learning processes (Y. Xu et al., 2025).

Training corpora of mainstream GenAI models are
highly imbalanced, with English possessing overwhelm-
ing advantages in scale, quality, domain coverage, and
accessibility (Dong et al., 2025; Shen et al., 2024). The
English-dominated international publishing system, data-
bases, and open-access resources constitute the primary
semantic foundation of these models (Meneghini &
Packer, 2007), while non-English corpora remain limited
in scale and diversity (Liu, 2017).

The consolidation of statistical associations further
transforms data imbalance into systematic bias. Dur-
ing pre-training, GenAI models learn co-occurrence
structures through maximum likelihood estimation.
This mechanism not only captures linguistic patterns
but also absorbs social biases present in training cor-
pora. Since contemporary academic evaluation sys-
tems commonly use English publication (especially in
high-impact journals) as a proxy for quality or inter-
nationalization (Nakatumba-Nabende et al., 2025),
training data exhibit stable statistical patterns in
which English texts co-occur frequently with high-
quality evaluative vocabulary. Models do not distin-
guish genuine causal relationships from noise; they
directly map such co-occurrence patterns into param-
eter space, forming an implicit English = high quality
association (Hofmann et al., 2024). Cultural norms,
evaluative vocabulary, and implicit biases embedded
in cross-language corpora are likely absorbed and
encoded in model representation spaces (Caliskan
et al., 2017), leading to inconsistent reasoning paths
and judgment standards when processing different
languages.

These two mechanisms reveal a critical issue: in aca-
demic evaluation, GenAI may not judge based on objec-
tive standards of content quality but may be
systematically influenced by language cues. Accordingly,
we propose the first hypothesis:

H1. GenAI assigns significantly higher scores
to English-presented content than to Chinese-
presented content.

2.3 | Moderating factors

This study further focuses on two moderating factors that
provide mechanistic clues for understanding the bound-
ary conditions of language bias.

2.3.1 | Disciplinary indigeneity

Language is deeply embedded in cultural contexts, with its
semantic structures, conceptual systems, and discursive
modes shaped by specific sociocultural frameworks
(Salö, 2018). Drawing on anthropological research
(Merlan, 2009), we define this embeddedness as disciplinary
indigeneity—the degree to which a discipline's core concepts
and knowledge representations depend on specific cultural
contexts. Strong-indigeneity disciplines rely on particular
social narratives, cultural codes, and institutional back-
grounds. Their knowledge expressions are more susceptible
to semantic attenuation, conceptual drift, or incomplete map-
ping of cultural connotations during cross-language conver-
sion (Canagarajah, 2002; Venuti, 2017). In contrast, weak-
indigeneity disciplines possess conceptual systems with higher
cross-cultural consistency, where cross-language expressions
typically approach semantic equivalence (Montgomery, 2013).
Accordingly, we propose the following hypothesis:

H2. Language bias intensifies as disciplinary
indigeneity increases.

2.3.2 | GenAI model differences

GenAI models are sociotechnical products with cognitive
boundaries constrained by their developmental ecosystems
(Lewandowski et al., 2024). Training corpora, as the foun-
dation for GenAI model learning, directly influence a
model's capacity to understand and process language
through their content, distribution, and quality (Caliskan
et al., 2017). Because different models exhibit significant
variations in corpus distributions and development ecosys-
tems, this heterogeneity may moderate the direction and
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intensity of language bias (Muennighoff et al., 2023).
Accordingly, we propose the following hypothesis:

H3. Compared to English-dominant GenAI
models, Chinese-dominant GenAI models
exhibit weaker bias or bias in the opposite
direction.

3 | METHODS

This study employs a within-subject design (Shadish
et al., 2001), with each paper evaluated by GenAI under
both Chinese and English language conditions. The core
advantage is that each paper serves as its own control: lan-
guage effects are identified through scoring differences
across conditions, thereby controlling for confounds such
as academic quality, disciplinary characteristics, author
identity, and publication year.

3.1 | Data and sample

3.1.1 | Data source

Metadata were collected from the Classic Literature Data-
base (CLD) maintained by the Book and Newspaper Infor-
mation Center of Renmin University of China (2025a).
The CLD covers academic literature in the HSS from 2013
to 2022. Its core objective is to identify mainstream, classic,
and essential high-value publications, with evaluation cri-
teria focusing on theoretical innovation, knowledge contri-
bution, disciplinary impact, and practical guidance. The
CLD is curated by over 1300 senior scholars with an accep-
tance rate of approximately 0.5%, constituting a high-
quality subset of Chinese academic literature.

The CLD was selected because this study aims to
examine language bias in GenAI evaluation rather than its
quality identification capability. Using expert-certified
high-quality samples ensures quality homogeneity, allow-
ing observed evaluation differences to be attributed to lan-
guage rather than quality variation. This provides the
most rigorous testing conditions for examining language
neutrality in academic evaluation—examining whether
GenAI still exhibits systematic differences due to language
presentation mode, even for publications widely recog-
nized as exemplary by the Chinese academic community.

3.1.2 | Disciplinary scope

This study covers 23 first-level disciplines in the HSS
from the CLD, comprehensively representing the

disciplinary ecology of Chinese HSS research. The 23 dis-
ciplines are classified into three categories: strong-
indigeneity disciplines (n = 7) are those whose core con-
cepts are deeply rooted in Chinese cultural contexts and
difficult to translate with complete correspondence, such
as Chinese Language & Literature, Chinese History, and
Art. Medium-indigeneity disciplines (n = 8) combine
indigenous practical characteristics with international
theoretical frameworks, such as Philosophy, Law, and
Information Resources Management. Weak-indigeneity
disciplines (n = 8) have highly internationalized concep-
tual systems and strong Chinese-English terminological
correspondence, such as Applied Economics, Business
Administration, and Psychology.

3.1.3 | Sampling strategy

We employed stratified random sampling, selecting
50 papers per discipline to form a fully balanced experi-
mental design. The sampling time window follows these
principles:

• Primary time window (2020–2022): Applied to disci-
plines with sufficient CLD sample sizes. This period
was selected for two considerations: first, academic
writing standards in recent papers are more mature,
ensuring higher quality of bilingual abstracts; second,
a three-year pool sufficiently supports representative
random sampling while avoiding potential changes in
academic conventions from an excessively broad
time span.

• Extended time window (2013–2022): For disciplines
with limited samples after applying screening criteria
within 2020–2022, the sampling frame was extended to
2013–2022 to ensure sufficient sample pools.

All candidate papers were required to have complete
bilingual titles, keywords, and abstracts that were author-
original rather than later supplements. Papers failing to
meet these criteria were replaced through random sup-
plementation from alternative sample pools. We did not
intervene in translation quality to maintain ecological
validity and reflect the authentic bilingual presentation
of Chinese academic journals. The final sample includes
1150 papers.

3.2 | Model setup

We selected GPT-4o (OpenAI, 2024) and DeepSeek-V3
(DeepSeek-AI et al., 2025) for comparison, representing
state-of-the-art GenAI capabilities in the English and
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Chinese ecosystems (Chiang et al., 2024). DeepSeek-V3 is
a large language model developed by the Chinese com-
pany DeepSeek, demonstrating strong performance
across multiple benchmarks with relatively balanced
Chinese-English training data (Guo et al., 2025). GPT-4o
is OpenAI's flagship model, with superior performance
relative to GPT-4o-mini commonly used in large-scale
academic evaluation research (Thelwall, 2025c), and a
parameter scale closer to DeepSeek-V3, making it a well-
matched choice for this study. We obtained evaluation
data through API interfaces, ensuring each call was an
independent single-turn event, thereby precluding mem-
ory effects and data contamination that might occur with
web interfaces.

We established two input conditions—Chinese and
English—each presenting titles and abstracts. Prompt
language matches input content, aiming to test the influ-
ence of complete language environments on GenAI
evaluation.

We designed prompts based on LangGPT (Wang
et al., 2024), with core elements including: (1) clear role
positioning as an academic review expert; (2) explicit def-
inition of four evaluation dimensions and their connota-
tions; (3) specification of a structured JSON output
format; (4) detailed scoring criteria; (5) explicit emphasis
on universalism principles, requiring that GenAI evalua-
tion to be independent of irrelevant attributes such as
language, author identity, and institutional background.

Models were asked to follow the evaluation criteria of
the CLD (Book and Newspaper Information Center
of Renmin University of China, 2025b), encompassing
(1) academic contribution, assessing theoretical innova-
tion and knowledge contribution of papers; (2) theoretical
innovation, evaluating novelty levels in concepts,
methods, or perspectives; (3) research rigor, assessing
research design, data quality, and argumentative ade-
quacy; (4) academic normativity, evaluating the norma-
tive degree of literature review, logical structure, and
academic expression. Scoring standards are 1–3 (poor),
4–5 (fair), 6–7 (good), 8–9 (excellent), and 10 (outstand-
ing). After scoring, the GenAI was required to provide a
brief overall judgment text explaining its rationale, sup-
plying the foundation for subsequent qualitative analysis.

To enhance scoring stability, each paper underwent
five independent evaluations under each condition, with
the arithmetic mean serving as the final score. Prior
research indicates that repeated GenAI evaluations with
averaging significantly reduce random fluctuations in
complex evaluation tasks, and that five repetitions bal-
ance reliability gains against computational cost
(Thelwall, 2024). We use the mean rather than the mode
or median, although scores typically possess ordinal
properties, because previous research found that this

approach, followed by scaling, is an effective predictive
mechanism (Thelwall, 2025c).

3.3 | Analysis

3.3.1 | Hypothesis testing

To test H1, we used paired-samples t-tests to compare
scoring differences between the English and Chinese con-
ditions. Effect size was calculated using Cohen's d
(Cohen, 2013) to quantify the practical significance mag-
nitude of language bias. Tests were conducted at the full
sample level, across three disciplinary categories, and
within all 23 disciplines to reveal overall patterns and dis-
ciplinary differences in bias.

To test H2 and H3, we constructed a mixed-effects
model:

Score�Condition� Indigeneity�Model

þ 1jDisciplineð Þþ 1jPaperð Þ

where Condition represents input condition, Indigeneity
represents disciplinary indigeneity category, and Model
represents the GenAI model. Random intercepts for
1jDisciplineð Þ and 1jPaperð Þ control for nested structures
at the respective levels. Key tests include main effect of
Condition (H1), the Condition� Indigeneity interaction
effect (H2), and the Condition�Model interaction effect
(H3). The model was estimated with Restricted Maxi-
mum Likelihood.

For multiple comparisons, False Discovery Rate
(FDR) correction was applied to control Type I error
inflation (Benjamini & Hochberg, 1995).

3.3.2 | Thematic analysis

To understand the mechanisms underlying language bias
more deeply, we conducted thematic analysis of GenAI-
generated evaluation texts, examining the cognitive pro-
cesses and decision-making logic behind the statistical
patterns.

1. Analytical framework: We employed Appraisal
Theory (Martin & White, 2005) to systematically code
GenAI evaluation texts. Originating from systemic
functional linguistics, Appraisal Theory reveals how
evaluative meaning is constructed in discourse and
has been widely applied in academic discourse analy-
sis to depict how evaluators express stance
(Hood, 2010; Lam & Crosthwaite, 2018), negotiate
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certainty, and adjust evaluative intensity. Given the
specificity of the peer review genre and the coding
workload, we contextually adapted the original frame-
work: the attitude system retains the tripartite struc-
ture of appreciation, judgment, and affect; the
engagement system retains the basic distinction
between monogloss and heterogloss, capturing how
GenAI negotiates evaluative certainty and dialogic
space under different language conditions; and the
graduation system selects force to quantify intensity
differences.

2. Sample selection: We used stratified purposeful sam-
pling to select 45 papers from each indigeneity cate-
gory from the 1150 papers, totaling 135 papers for
qualitative analysis. Sampling criteria were: (a) bias
intensity: within each indigeneity category, we
selected 15 papers exhibiting strong bias (effect size in
the top 20%), moderate bias (near the average effect
size), and weak bias (bottom 20%) to capture bias
intensity gradients; (b) model differences: we included
cases where GPT-4o bias exceeds DeepSeek-V3's, cases
where the two are similar, and cases where DeepSeek-
V3 bias is stronger. Since each paper received five
repeated evaluations under each language condition,
we selected the judgment text whose scores was clos-
est to the median as the representative sample. The
median is insensitive to extreme values and more
robustly represents typical evaluation patterns. When
multiple median evaluations existed, the most detailed
text was selected to yield richer analytical material.

3. Disciplinary coverage: All 23 disciplines are repre-
sented to enhance the disciplinary robustness of find-
ings. The final sample yields 540 evaluation texts,
ensuring theoretical saturation while maintaining fea-
sibility of in-depth coding analysis.

4. Coding procedure and reliability: Two indepen-
dent coders first jointly studied the theoretical litera-
ture and coding manuals from Martin and White
(2005), then jointly coded 10 samples to align their
understanding of the framework and revise coding
guidelines. After this trial coding, 10% (54 texts) were
randomly selected for double coding to assess inter-
coder reliability. Cohen's Kappa coefficients were 0.86
(attitude system), 0.84 (engagement system), and 0.91
(graduation system), all indicating good consistency.
Disagreements were resolved through discussion; the
remaining texts were completed independently.

5. Analytical strategy: After coding was completed, we
conducted three levels of analysis. First, we operatio-
nalized the three Appraisal systems into measurable
indicators for cross-condition comparison. The atti-
tude system was captured by negative attitude propor-
tion (percentage of negative markers among all

attitude markers), with negative academic quality
appreciation and negative capability judgment further
distinguished. The engagement system was captured
by monoglossic proportion (percentage of bare asser-
tions without dialogic alternatives) and
heteroglossic proportion (percentage of hedged or dia-
logically expanded statements). The graduation sys-
tem was captured by graduation intensity (mean force
score on a 1–5 scale). Second, we calculated distribu-
tion frequencies of these indicators under each condi-
tion to identify systematic difference patterns and
tracked evaluative resource changes for the same
paper across language conditions through case com-
parison. Third, we integrated coding findings with
quantitative results to examine how attitude polarity,
engagement strategies, and graduation intensity
jointly shape scoring outcomes.

4 | RESULTS

4.1 | Descriptive statistics

Figure 1 presents the score distributions of the four evalua-
tion dimensions under Chinese and English conditions.
Overall, GenAI scores are concentrated at the high end,
consistent with the curated nature of the CLD samples.
Under the Chinese condition, the overall mean across four
dimensions is 6.99 (SD = 0.34), with academic contribu-
tion receiving the highest scores (M = 7.35, SD = 0.52)
and research rigor the lowest (M = 6.65, SD = 0.80). The
overall mean for the English condition is 6.85 (SD = 0.38),
with scores across all four dimensions slightly lower than
those under the Chinese condition.

Scores across all dimensions are primarily concen-
trated in the 7–10 range (51.3%), with medians around
7.0. The Chinese condition shows slightly higher scores
and smaller standard deviations across all four dimen-
sions, indicating higher scoring consistency. This prelimi-
nary observation suggests that language conditions may
exert systematic effects on GenAI evaluation.

4.2 | Language bias patterns

4.2.1 | H1: Overall pattern of language bias

Paired-samples t-test results for the full sample are shown
in Figure 2. The two GenAI models exhibit diametrically
opposite language bias patterns.

For GPT-4o, English scores (M = 7.161, SD = 0.413)
are significantly higher than Chinese scores (M = 6.842,
SD = 0.456), with a mean difference of 0.319 points,

6 ZHU ET AL.
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t(1149) = �37.27, p < 0.001, Cohen's d = 1.099, 95% CI
[1.026, 1.172], a large effect size. 86.3% of papers
(n = 992) received higher scores under the English condi-
tion, with only 7.5% of papers (n = 86) receiving higher
scores under the Chinese condition. A Wilcoxon signed-
rank test confirms this finding (Z = �27.52, p < 0.001).

Conversely, DeepSeek-V3 demonstrates a significant
Chinese preference: Chinese scores (M = 7.140,
SD = 0.556) are significantly higher than English scores
(M = 6.535, SD = 0.715), with a mean difference of 0.605
points, t(1149) = 29.42, p < 0.001, Cohen's d = �0.867,
95% CI [�0.935, �0.800]. 82.0% of papers (943/1150)
received higher scores under Chinese conditions, with
only 16.5% scoring higher scores under the English con-
dition. A Wilcoxon signed-rank test likewise confirms
this pattern (Z = �24.47, p < 0.001).

Language bias is consistent patterns across all four
evaluation dimensions. For GPT-4o, bias is strongest for
theoretical innovation (Cohen's d = 0.902, mean
difference = 0.393), followed by academic contribution
(d = 0.805, mean difference = 0.296) and academic nor-
mativity (d = 0.770, mean difference = 0.378), with
research rigor showing the weakest bias (d = 0.438, mean
difference = 0.208). For DeepSeek-V3, bias is strongest
for academic contribution (d = �1.085, mean
difference = �0.681) and theoretical innovation
(d = �1.071, mean difference = �0.812) dimensions,
with academic normativity the weakest (d = �0.459,
mean difference = �0.424). All dimensional effects reach
statistical significance for both models (p < 0.001).

At the disciplinary level, language bias for both
models reaches statistical significance across all
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23 disciplines (after FDR correction, p < 0.001)
(Figure 2). For GPT-4o, the largest effect sizes appear in
Philosophy (d = 1.614), Archaeology (d = 1.526), and
Sociology (d = 1.510), and the smallest in Law
(d = 0.822), Subject on History & Construction of the
CPC (d = 0.861), and Theory of Marxist (d = 0.872). For
DeepSeek-V3, the largest absolute effect sizes appear in
Law (d = �1.251), Journalism & Communication
(d = �1.207), and Chinese History (d = �1.165), and the
smallest in Art (d = �0.665), Psychology (d = �0.682),
and Political Science (d = �0.687).

Overall, H1 receives partial support. Systematic lan-
guage bias exists in GenAI evaluation, but its direction of
bias varies by GenAI model. GPT-4o exhibits significant
English bias, while DeepSeek-V3 demonstrates signifi-
cant Chinese bias. Disciplinary-level variations suggest
that indigeneity may moderate bias intensity, providing
preliminary evidence for testing H2.

4.2.2 | H2 and H3: Moderating effects of
disciplinary indigeneity and GenAI model
differences

The mixed-effects model successfully converged, with a
random intercept variance of 0.132 for papers and a
residual variance of 0.158, yielding an intraclass correla-
tion coefficient of 0.455, indicating that 45.5% of score
variance is attributable to between-paper differences.
Key interaction effects are shown in Table 1; complete
model output including all fixed-effect coefficients and
model fit statistics is provided in Appendix B (Tables B1
and B2).

All three main effects are significant. The main effect
of language condition (β = �0.072, SE = 0.006,
z = �12.23, p < 0.001) indicates that after controlling for
other factors, English scores are on average 0.14 points
lower than Chinese scores. The main effect of disciplin-
ary indigeneity (β = 0.111, SE = 0.015, z = 7.33,
p < 0.001) indicates that weak-indigeneity disciplines
receive higher overall scores than strong-indigeneity dis-
ciplines. The main effect of GenAI model (β = �0.080,
SE = 0.006, z = �13.57, p < 0.001) shows that DeepSeek-
V3 assigns higher overall scores than GPT-4o.

The Condition� Indigeneity interaction is not signifi-
cant (β= 0.005, p= 0.455), failing to support H2. Simple
slope analysis reveals that score differences between
English and Chinese conditions are for strong-, medium-,
and weak-indigeneity disciplines respectively—a spread
of only 0.02 points that does not reach statistical
significance.

The Condition�Model interaction is highly signifi-
cant (β=�0.232, SE= 0.006, z=�39.54, p<0.001),
strongly supporting H3. As shown in Figure 3, the two
models exhibit diametrically opposite patterns: GPT-4o's
score are 0.32 points higher than its Chinese scores
(β= 0.160, p<0.001), whereas DeepSeek-V3's English
scores are 0.61 points lower than its Chinese scores
(β=�0.304, p<0.001). This interaction effect size
(β=�0.232) is the largest fixed effects, indicating that
model identity is the most important moderator of
language bias.

The three-way interaction effect reaches statistical sig-
nificance (β = 0.023, SE = 0.007, z = 3.12, p = 0.002),

TABLE 1 Key mixed-effects model analysis results.

Effect β SE t p

Condition � Indigeneity 0.005 0.007 0.748 0.455

Condition � Model �0.232 0.006 �39.537 0.000***

Three-way interaction 0.023 0.007 3.122 0.002**

***p < 0.001,**p < 0.01.
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but as evident from Figure 3, this effect is relatively weak.
Although the moderating role of indigeneity differs
slightly between the two models, both patterns are domi-
nated by the strong Condition�Model main effect.

4.3 | Cognitive mechanisms of
language bias

Qualitative coding covered 540 evaluation texts, averag-
ing 11.7 attitude markers, 3.9 engagement markers, and
8.3 graduation markers per text.

4.3.1 | Model-specific evaluative resource
allocation patterns

The scoring results show that the two models exhibit
opposite biases, yet qualitative coding reveals that both
generate higher proportions of negative attitudes toward
English papers in their evaluative justifications. As
shown in Figure 4, this contradiction manifests clearly
across the four condition combinations.

Both models show significantly higher negative atti-
tudes (the percentage of negative attitude markers among
all attitude markers) under English conditions: GPT-4o
increases from 31.0% under the Chinese condition to
41.7% under the English condition (d = �0.74,
p < 0.001), while DeepSeek-V3 increases from 25.0% to
44.2% (d = �1.06, p < 0.001).

The key mechanism behind this paradox lies in differ-
entiated deployment of engagement strategies. GPT-4o's
heteroglossic proportion (the percentage of evaluative
statements that hedge certainty or acknowledge alterna-
tives) under the English condition reaches 51.9%, far

exceeding the 27.2% under the Chinese condition; by con-
trast, DeepSeek-V3's heteroglossic proportion rises only
from 12.4% to 32.5%. Meanwhile, graduation intensity
increases significantly under English conditions for both
models (GPT-4o: 3.36 vs. 2.94, d = �1.07, p < 0.001;
DeepSeek-V3: 3.50 vs. 3.28, d = �0.49, p < 0.001).

Taking typical expressions of negative academic qual-
ity appreciation as examples, Table 2 presents cases sys-
tematically selected for scoring patterns consistent with
overall model-level bias directions and substantially
divergent negative attitude patterns between models.
These cases demonstrate how resource allocation oper-
ates at the micro-level.

Paper No. 5 illustrates how appraisal resources jointly
shape scores at the micro level. GPT-4o increases negative
appraisals from 3 to 5 under the English condition, yet the
score rises to 6.5—because these criticisms are delivered
heteroglossically (e.g., hedged within broader acknowledg-
ment), attenuating their scoring impact. Conversely,
DeepSeek-V3 generates 7 negative appraisals under the Chi-
nese condition (66.7% delivered monoglossically, i.e., as bare
assertions without hedging) with elevated graduation inten-
sity, translating directly into a scoring penalty; under the
English condition negative appraisals decrease to 5, yet the
score drops further to 5.0. Paper No.1068 displays a similar
pattern: GPT-4o shows 5 negative appraisals in Chinese ver-
sus 3 in English, yet the English score is higher (7.0 vs. 6.0).
These cases indicate that scores are not determined by atti-
tude polarity alone but by the coordinated deployment of
engagement and graduation resources—a mechanism fur-
ther elaborated in the Discussion.

Statistical testing reveals that, except for negative
capability judgment, all coding dimensions exhibit more
negative evaluative justifications under English condi-
tions (Table 3).
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Only negative capability judgment shows an effect in
the opposite directions, but for GPT-4o it is not signifi-
cant (d = 0.046, p = 0.703). Across all other dimensions,
evaluative justifications under English conditions are
more negative, more certain, and more intense for both
models, yet run counter to the scoring directions reported
in the previous section.

4.3.2 | Engagement strategies behind
Indigeneity's null effect

Disciplinary indigeneity significantly affects GenAI's atti-
tude judgments but does not influence engagement

strategy selection. Figure 5 presents the distributions of
the three indigeneity categories across key evaluation
dimensions. Negative attitude proportions differ signifi-
cantly across categories (F = 4.214, p = 0.015), with
strong-indigeneity disciplines exhibiting significantly
higher negative proportions (M = 37.6%, SD = 18.2%)
than weak-indigeneity disciplines (M = 32.4%,
SD = 17.7%). However, the engagement dimension box
plots highly overlap: monoglossic proportions (Strong:
M = 12.8%, SD = 23.3%; Medium: M = 14.0%,
SD = 22.6%; Weak: M = 11.4%, SD = 20.8%) show no
significant between-category differences (F = 0.595,
p = 0.552), and heteroglossic proportions are likewise
unaffected by indigeneity (F = 2.074, p = 0.127).

TABLE 2 Evaluative resource allocation and scoring comparison of typical cases.

Paper
No. Discipline Model Condition

Number of
negative
attitudes Excerpt from the judgments Score

5 World
History

GPT-4o Chinese 3 但缺乏新的理论框架的构建 [But lacks the construction of
new theoretical frameworks]

6

English 5 Does not provide groundbreaking theoretical frameworks 6.5

DeepSeek-
V3

Chinese 7 但未明确突破现有学界对保守主义实用性的普遍认知 [But
does not clearly break through the prevailing scholarly
consensus on the practicality of conservatism]

6

English 5 Lacks significant theoretical innovation 5

1068 Foreign
Language

GPT-4o Chinese 5 在理论创新性方面表现一般 [Performs ordinarily in
theoretical innovation]

6

English 3 There are areas for improvement 7

DeepSeek-
V3

Chinese 3 在研究严谨性上缺乏具体案例分析或实证支撑 [Lacks
specific case analysis or empirical support in terms of
research rigor]

7.75

English 3 Lacks specific methodological details and empirical
evidence

6.75

Note: Chinese and English excerpts within each row are independently generated evaluation texts under the respective language conditions, not translation

pairs. Bracketed translations are provided for accessibility.

TABLE 3 Comparison of language bias in evaluation dimensions between two models.

Coding dimension GPT-4o bias DeepSeek-V3 bias GPT-4o'd DeepSeek-V3'd

Negative Attitude Proportion �10.66% �19.20% �0.74 (***) �1.06 (***)

Negative Academic Quality �1.38 �1.39 �0.94 (***) �0.73 (***)

Negative Capability Judgment +0.01 �0.10 0.05 (ns) �0.36 (**)

Monoglossic Proportion �4.26% �7.40% �0.30 (*) �0.28 (*)

Graduation Intensity �0.42 �0.22 �1.07 (***) �0.49 (***)

Note: Bias = Chinese condition mean � English condition mean; negative values indicate higher or stronger levels under English conditions. Negative attitude
proportion and monoglossic proportion are reported as percentage point differences; negative academic quality, negative capability judgment, and graduation

intensity are reported as differences in per-text means. Coding dimensions correspond to the Appraisal Theory framework: negative attitude proportion,
negative academic quality, and negative capability judgment belong to the attitude system; monoglossic proportion belongs to the engagement system;
graduation intensity belongs to the graduation system. See Section 3.3.2 for operational definitions of each indicator. ***p < 0.001, **p < 0.01, *p < 0.05,
ns = not significant.
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Graduation intensity boxes are almost completely over-
lapping (Strong: 3.26; Medium: 3.28; Weak: 3.26), further
confirming that GenAI's judgments of evaluative inten-
sity are not moderated by disciplinary indigeneity.

As shown in Table 4, discipline-level analysis further
reveals this attitude-strategy separation phenomenon.
Negative attitude proportion spans 27.7 percentage points
(Theory of Marxist 50.7% vs. Business Administration
23.0%), exhibiting a clear indigeneity gradient: strong-
indigeneity disciplines are generally positioned at the
high end of the distribution, while weak-indigeneity dis-
ciplines concentrate at the low end. However, monoglos-
sic proportion varies unsystematically, spanning 18.2
percentage points within strong-indigeneity disciplines
(Theory of Marxist 22.5% vs. Art 4.3%) and 15.1 percent-
age points within weak-indigeneity disciplines (Applied
Economics 20.9% vs. Economics & Management of Agri-
culture & Forestry 5.8%), with no statistically significant
between-group differences (all p > 0.10 after post-hoc
comparisons). This indicates that GenAI is disciplinarily
sensitivity in evaluation content (attitude selection) but
applies a uniform paradigm in evaluation approach
(engagement strategy). The complete distribution across
all 23 disciplines is provided in Appendix A (Table A1).

5 | DISCUSSION

5.1 | Relationship with prior research

This study provides the first systematic confirmation that,
in authentic academic evaluation tasks, scores generated
by large language models exhibit structural language
bias. This finding is consistent with recent research on

cross-language capability differences in GenAI: multiple
benchmarks demonstrate that mainstream GenAI models
perform significantly better on English tasks than on
other languages (Qin et al., 2025; Y. Xu et al., 2025), a dis-
parity attributed to deep imbalances in language distribu-
tion within training corpora (T. Brown et al., 2020;
Caliskan et al., 2017). Notably, this imbalance is bidirec-
tional. Beyond the dominance of English in global aca-
demic publishing, the limited adoption of open access in
Chinese academic publishing restricts the availability of
Chinese-language scholarship as training material.
Despite policy efforts, China lacks a national OA man-
date, and most Chinese-language journals remain behind
access barriers (CAST & STM, 2022), resulting in struc-
tural underrepresentation in model training corpora.
When scholarly output is structurally inaccessible, train-
ing data imbalances become self-reinforcing, and models
develop evaluative preferences aligned with the more
accessible linguistic tradition. Against this backdrop, our
validation extends the study of language bias from gen-
eral task scenarios to the core information processing of
academic quality judgment, demonstrating that language
systematically influences model assessments of paper
quality.

This study advances existing understanding in three
aspects:

First, bias direction exhibits clear model dependence.
Prior research assumed GenAI systems favor English
content (Chua et al., 2024; Privitera et al., 2024), but we
find DeepSeek-V3 demonstrates a significant Chinese
preference (d = �0.867), in stark contrast with GPT-4o's
English preference (d = 1.099). This finding challenges
the simplified assumption that language bias necessarily
favors English and confirms H3.
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Second, the moderating effect of cultural context vari-
ables is far weaker than theoretical expectations.
Although disciplinary indigeneity should theoretically
moderate language bias intensity (Canagarajah, 2002;
Salö, 2018), our results show no significant difference
across indigeneity categories (β = 0.005, p = 0.455), fail-
ing to support H2. While the three-way interaction
reaches statistical significance (β = 0.023, p = 0.002), the
effect size is extremely small and dominated by the model
main effects, suggesting that indigeneity's role in GenAI
evaluation bias is nearly marginalized.

Third, this study reveals a previously unmentioned
phenomenon that the inverse relationship between scor-
ing outcomes and evaluative justifications. Both models
generate higher proportions of negative justifications
under English conditions (GPT-4o: 41.7% vs. 31.0%;
DeepSeek-V3: 44.2% vs. 25.0%), yet their scoring direc-
tions are opposite. This mechanistic finding has impor-
tant implications for understanding the transparency and
explainability of GenAI evaluation decisions and is fur-
ther elaborated below.

Despite the presence of language bias, our results still
form complementary evidence with existing GenAI-
driven academic evaluation research: even under cross-
language conditions, GenAI can extract structured cues
and produce meaningful predictable scores from various
types of academic content (Kousha & Thelwall, 2025;
Thelwall, 2024; Thelwall et al., 2025; Thelwall &
Cox, 2025; Zhu, Haunschild, et al., 2026; Zhu, Lu,
et al., 2026).

5.2 | Coordinated appraisal resources

The core paradox revealed by hypothesis testing is: GPT-
4o exhibits English preference while DeepSeek-V3

demonstrates Chinese preference, yet both models gener-
ate higher proportions of negative attitudes under
English conditions. The pattern of more negative atti-
tudes coexisting with higher scores suggests that score
production is not a direct mapping of attitude polarity
but is systematically regulated by deeper-level evaluative
resource allocation.

Differential deployment of engagement strategies pro-
vides a key explanation. GPT-4o employs 51.9% hetero-
glossic strategies under the English condition (27.2%
under Chinese), modulating the impact of negative atti-
tudes through expressions like “could benefit from” and
“might consider.” By contrast, DeepSeek-V3's heteroglos-
sic proportions remain low under both the English
(32.5%) and Chinese (12.4%) conditions, allowing nega-
tive attitudes to more directly translate into scoring pen-
alties. This difference may stem from divergent
alignment training: GPT-4o has undergone extensive
human feedback optimization that softens negative
expressions (Ouyang et al., 2022), while DeepSeek-V3's
fine-tuning on evaluation tasks may prioritize judgment
clarity.

The synergistic effect of graduation intensification
further amplifies this effect. Both models show signifi-
cantly higher graduation intensity under English condi-
tions (GPT-4o: d = �1.07, p < 0.001; DeepSeek-V3:
d = �0.49, p < 0.001), manifested as more frequent
intensifiers like “significantly,” “seriously,” and
“completely lacking.” Yet GPT-4o softens their impact
through high heteroglossic proportions (“might need fur-
ther strengthening” rather than “must improve”),
whereas DeepSeek-V3, operating in a low-heteroglossic
environment, directly translates intensifiers into scoring
penalties. Statistical testing confirms that, except for neg-
ative capability judgment, both models produce more
negative, more certain, and more intense evaluations

TABLE 4 Appraisal strategy distribution across disciplines.

Discipline Indigeneity
Negative attitude
proportion

Monoglossic
proportion

Graduation
intensity

Theory of Marxist Strong 50.70% 22.50% 3.237

Ethnology Strong 42.00% 9.50% 3.163

Art Strong 38.30% 4.30% 3.205

Applied Economics Weak 31.60% 20.90% 3.197

Economics & Management of Agriculture &
Forestry

Weak 26.00% 5.80% 3.343

Business Administration Weak 23.00% 8.80% 3.288

Note: Negative attitude proportion: percentage of negative markers among all attitude markers. Monoglossic proportion: percentage of evaluative clauses
presented as bare assertions without dialogic alternatives. Graduation intensity: mean force score (1–5 scale). All three indicators are aggregated across both

models and both language conditions per discipline. Arranged in descending order of negative attitude proportion; only representative disciplines are shown.
See Section 3.3.2 for full operational definitions.
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under English conditions across all dimensions; yet dif-
ferences in resource allocation lead to score reversal.

This study reveals a resource allocation paradox that
models may generate more negative judgments in a given
language but ultimately produce higher scores through
the coordinated deployment of engagement and gradua-
tion resources. This mechanism suggests that detection of
GenAI bias cannot rely solely on final scores but must
also audit the logic of evaluative justifications—
systematic divergence between justifications and scores
may indicate hidden bias pathways.

5.3 | Symmetric evaluation mechanism

Disciplinary indigeneity influences GenAI evaluation
through a symmetric mechanism. Indigeneity increases
evaluation difficulty, but this influence occurs equally
under both Chinese and English conditions and thus fails
to translate into differentiated cross-language bias.

The attitude system exhibits disciplinary sensitivity.
Strong-indigeneity disciplines show significantly higher
negative attitude proportions (37.6%) than
weak-indigeneity disciplines (32.4%). This indicates that
indigeneity indeed increases evaluation difficulty: the
cultural specificity of concepts makes GenAI more prone
to generate negative judgments such as “insufficient the-
oretical elaboration” or “vague conceptual definition.”
Critically, this influence is not language-specific—strong-
indigeneity disciplines show more negative attitudes
under both conditions.

Consolidation of engagement strategies ensures sym-
metric score transformation. Monoglossic
proportions (F = 0.595, p = 0.552) and heteroglossic pro-
portions (F = 2.074, p = 0.127) show no significant dif-
ferences across indigeneity categories. The additional
negative attitudes in strong-indigeneity disciplines are
therefore transformed into scoring penalties at equivalent
intensity in both languages. Since engagement strategies
do not vary with indigeneity, the increase in negative atti-
tudes remains comparable across conditions, causing
scores to decrease in both languages while the cross-
language difference remains constant.

This symmetry can be understood as follows. Indi-
geneity affects baseline difficulty (scores decrease under
both conditions) but does not affect language sensitivity
(the Chinese-English gap remains constant). Training
data distributions explain this pattern that in mainstream
model training corpora, both Chinese and English aca-
demic texts in strong-indigeneity disciplines are relatively
scarce. Models thus face the same challenge of cultural
context identification regardless of input language. In
contrast, weak-indigeneity disciplines are sufficiently
represented in both academic corpora, enabling more

consistent cross-language processing. This bilingual syn-
chronous insufficiency training pattern makes indigene-
ity's influence uniform across language conditions,
ultimately raising overall difficulty without altering
relative bias.

GenAI's perception of indigeneity, thus, is holistic
rather than differential. It recognizes that strong-
indigeneity disciplines are harder to evaluate but cannot
recognize that they are harder to evaluate after transla-
tion into English. This suggests that any moderating role
indigeneity may play in human peer review is obscured
in current GenAI systems by bilingual synchronous
insufficiency in training data.

6 | LIMITATIONS

This study has several limitations.

1. Sample representativeness. Although the CLD papers,
widely recognized as exemplary by the Chinese aca-
demic community, used in this study ensure quality
homogeneity for rigorous testing of language bias,
they also limit generalizability. The bias patterns
observed may represent conservative estimates; actual
application scenarios could exhibit stronger bias.

2. Language condition design. We matched matching
prompt language with input content to simulate a
complete language environment of authentic aca-
demic evaluation. However, this design cannot sepa-
rate the independent effects of paper language and
interaction language.

3. Simplification of evaluation context. We did not pro-
vide full paper contents or supplementary background
information to the models. Although title-and-abstract
input combination has been found to align most
closely with human scoring (Thelwall, 2025b), the
absence of main-text argumentation may alter how
language bias manifests.

Future research cloud deepen understanding in three
directions: first, extending to other language pairs and
disciplinary fields; second, experimentally manipulating
translation quality and separating prompt language from
content language. To isolate specific sources of bias; and
third, introducing human peer review as a baseline to
quantify the absolute magnitude of bias rather than
studying only relative differences.

7 | CONCLUSION

This study provides the first systematic examination of
language bias in GenAI-assisted academic evaluation,
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revealing how language as a form of information repre-
sentation systematically affects evaluative outcomes.
Using a paired experimental design with 1150 Chinese
HSS papers, we find that language bias is pervasive yet
highly model-dependent in direction. This associated pat-
tern indicates that training ecosystems play an important
role in bias formation. We further find that disciplinary
indigeneity does not moderate language bias intensity—
although indigeneity affects absolute evaluation levels, its
influence is symmetrically distributed across bilingual
conditions and thus does not accumulate into
cross-language bias. More distinctively, this study reveals
systematic divergence between scores and evaluative jus-
tifications, a phenomenon not yet identified in existing
GenAI evaluation fairness research.

Theoretically, this study makes three contributions to
research on GenAI system fairness and cross-cultural
information behavior. First, it reveals the bidirectionality
and model-specificity of language bias, demonstrating
that model training ecosystems predict bias direction bet-
ter than task language itself. This challenges the view of
language bias as merely a technical defect and reframes it
as a systematic issue modulable through model design.
Second, we identify an attitude-engagement separation
mechanism: models recognize the complexity of disci-
plinary semantics yet fail to correspondingly adjust evalu-
ation norms, forming a semi-perceptual state that is
partially sensitive to evaluated content while maintaining
rigid evaluation logic. Third, we confirm the synergistic
coordination of evaluative resources, whereby scores are
not linear mappings of attitude polarity but are jointly
shaped by engagement strategies and graduation inten-
sity, explaining the apparent paradox of more negative
attitudes alongside higher scores. These findings hold
important implications for understanding GenAI's deci-
sion logic when functioning as an academic evaluation
intermediary.

Practically, this study cautions against uncritical use
of GenAI in academic evaluation, particularly for cross-
language assessments requiring horizontal comparison.
The covertness of language bias makes post-hoc score
calibration difficult to implement effectively. We recom-
mend that institutions and policymakers build multi-
level governance frameworks (Zhu et al., 2023) when
adopting GenAI-assisted evaluation: (1) prioritize models
with balanced cross-language training at the selection
stage; (2) explicitly embed language neutrality principles
in prompt design; (3) establish GenAI-assisted, human-
led review processes (Zhu, Lu, et al., 2026) in which
experts correct potential biases and render final deci-
sions; (4) implement evaluation-score consistency audits
to monitor systematic deviations in model judgment
logic. For GenAI developers, this study underscores the

necessity of incorporating cross-language fairness con-
straints into training data curation, alignment fine-
tuning, and scoring strategy design. Additionally, as
GenAI systems increasingly function as academic evalua-
tion infrastructure, the openness and representativeness
of their training data become foundational concerns.
Expanding open access to non-English scholarly
outputs—particularly in regions where most academic
literature remains behind access barriers—is not merely
a publishing policy issue but a prerequisite for construct-
ing equitable data foundations for AI-driven evaluation
systems.
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APPENDIX A

APPENDIX B

TABLE A1 Complete appraisal strategy distribution across all 23 disciplines.

Discipline Indigeneity
Negative attitude
proportion

Monoglossic
proportion

Graduation
intensity

Theory of Marxist Strong 50.70% 22.50% 3.237

Ethnology Strong 42.00% 9.50% 3.163

Subject on History & Construction of the
CPC

Strong 41.10% 13.80% 3.110

Art Strong 38.30% 4.30% 3.205

Chinese History Strong 32.90% 15.00% 3.362

Archaeology Strong 31.00% 8.70% 3.305

Chinese Language & Literature Strong 28.10% 18.00% 3.522

Education Medium 43.60% 14.20% 3.304

Political Science Medium 43.20% 14.90% 3.172

Information Resources Management Medium 38.90% 18.20% 3.193

Public Administration Medium 37.70% 8.90% 3.176

Law Medium 34.20% 7.50% 3.219

Philosophy Medium 33.70% 18.00% 3.450

Sociology Medium 33.00% 14.90% 3.355

Journalism & Communication Medium 24.80% 16.40% 3.492

Psychology Weak 42.20% 14.70% 3.167

Physical Education & Sports Science Weak 41.60% 9.60% 2.925

World History Weak 36.60% 8.50% 3.333

Theoretical Economics Weak 32.00% 12.10% 3.383

Applied Economics Weak 31.60% 20.90% 3.197

Foreign Languages Weak 30.70% 15.30% 3.250

Economics & Management of Agriculture &
Forestry

Weak 26.00% 5.80% 3.343

Business Administration Weak 23.00% 8.80% 3.288

TABLE B1 Fixed effects.Parameter β SE z p

Intercept 6.915 0.012 565.939 <0.001

Condition �0.072 0.006 �12.229 <0.001

Indigeneity 0.111 0.015 7.329 <0.001

Model �0.080 0.006 �13.573 <0.001

Condition � Indigeneity 0.005 0.007 0.748 0.455

Condition � Model �0.232 0.006 �39.537 <0.001

Indigeneity � Model �0.052 0.007 �7.213 <0.001

Condition � Indigeneity � Model 0.023 0.007 3.122 0.002

Note: Condition is effect-coded (Chinese = �1, English = 1). Indigeneity is effect-coded (Strong = �1,
Medium = 0, Weak = 1). Model is effect-coded (GPT-4o = �1, DeepSeek-V3 = 1). Estimated using

Restricted Maximum Likelihood (REML) with random intercepts for papers.
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TABLE B2 Random effects and model fit.

Component Estimate

Random intercept variance (Paper) 0.132

Residual variance 0.158

ICC 0.455

Log-likelihood �3151.825

N (observations) 4600

N (groups) 1150

Note: ICC indicates that 45.5% of total score variance is attributable to
between-paper differences.
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