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Abstract

Evaluation is an essential process in the de-
velopment and use of NLP systems. Bench-
marks are widely used to calibrate systems, de-
termine the efficiency of techniques, but also
to advertise recently launched language mod-
els. Not only do benchmarks allow for evalua-
tion and system comparisons, but they are also
commonly utilized as training and validation
corpora. In this paper, we aim at characteriz-
ing the "world knowledge" that is put forth by
benchmarks by closely inspecting their content.
Through qualitative manual annotations (+15k
instances) as well as quantitative automatic
analyses, we uncover the presence of both ex-
plicit and implicit biases in MMLU, Common-
SenseQA and MGSM, ranging from represen-
tational imbalance to bluntly sexist and racist
instances. Our findings demonstrate that cur-
rent NLP evaluation practices pose numerous
quality issues, reinforce stereotypes and even
contain explicitly harmful content. The current
operationalization of benchmarks is questioned,
and we provide recommendations and direc-
tions for further ethical evaluation.

Warning: this paper contains content that may
be offensive or upsetting.

1 Introduction

Numerous research efforts document the stereotyp-
ical biases that Large Language Models (LLMs)
encapsulate (Gallegos et al., 2024). We define a
stereotypical bias as a "skew that produces a type
of harm" (Crawford, 2017), and that is based on
a stereotype, i.e., an over-generalizing statement
about a social group (Hilton and Von Hippel, 1996).
Previous work claim that bias can arise at any point
throughout the development pipeline of machine
learning (Suresh and Guttag, 2021) and NLP sys-
tems. Hovy and Prabhumoye (2021) outline five
of the most common sources of bias: training data,
the annotation process, input representations, the
models, and the research design. Resnik (2025)

recently insisted on the inevitable nature of LLM
biases, originating from their design.

In this paper, we argue that evaluation, as oper-
ationalized in current NLP benchmarks, could be
another source of bias!, especially as it leads to
(representational) harm (Crawford, 2017). Ideally
neutral, representative, and rigorous, evaluation has
a crucial role in science as it measures and ensures
the quality of systems, and their consistency with
pre-defined goals and standards. In practice, and
even more so since the advent of LLMs, NLP sys-
tems have been evaluated with "general purpose,
task-agnostic" benchmarks (Litschko et al., 2023).
Users and developers frequently rely on benchmark
scores and leaderboards rankings as key criteria for
model selection. Lately, popular LLM releases are
accompanied with benchmark scores as a key in-
dicator of their quality. Thus, if benchmarks were
to encapsulate biases, they could lead to favoring
biased models.

Besides, multiple inherent limitations of bench-
marks have been highlighted in previous research
efforts, ranging from epistemological considera-
tions (e.g., about the construct validity of bench-
marks, especially those claiming to be "gen-
eral" (Raji et al., 2021; Litschko et al., 2023; Bean
et al., 2025)) to more practical, content-oriented
benchmark flaws (e.g., the impact of minor pertur-
bations on scores (Alzahrani et al., 2024), or the
presence of factual errors in benchmarks (Gema
et al., 2025)). In parallel, Bowman and Dahl (2021)
raised concerns about the possible incentivization
of bias through benchmarks, and Raji et al. (2021)
qualified benchmarks as being inherently specific,
subjective, and "localized constructs". However,
studies dedicated to the presence of stereotypical
bias within benchmarks remain scarce, and only

'Though we do not prove causality between LLM biases
and benchmarks biases, we believe that this work constitutes a
relevant first step, and indicates that further investigation and
dedicated causality analyses should be conducted.
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emerged recently (Singh et al., 2025; Kraft et al.,
2025). We aim at identifying stereotypical bias and
associated harms in LLM benchmarks by propos-
ing the first study to provide manual annotations
and automatic analyses of both implicit and explicit
bias in benchmarks. We focus solely on represen-
tational harm, which is related to the ways social
groups are depicted (or omitted), rather than allo-
cational harm (which occurs "when a system allo-
cates or withholds certain groups opportunities or
resources” (Crawford, 2017)) as it is less directly
relevant in the context of benchmarks’ exploration.
We also rely on Dev et al. (2022)’s taxonomy of rep-
resentational harm: stereotyping, disparagement,
dehumanization, erasure, and quality of service.

Our contributions are as follows: (i) we per-
form manual annotations on over 15,000 in-
stances from three popular LLM benchmarks:
MMLU (Hendrycks et al., 2021), Common-
SenseQA (Talmor et al., 2019), and MGSM (Shi
et al., 2022), (ii) we conduct automatic quantita-
tive analyses on these three benchmarks, so as to
measure representation disparities and detect gen-
dered stereotypical associations, (iii) we analyze
and classify results into explicit vs. implicit bias,
highlighting the importance of implicit bias, which
remains rarely addressed in the literature.

All manual and automatic annotations are made
publicly available, along with filtered versions of
the benchmarks where all harmful and stereotypical
entries have been removed, and with all scripts used
to conduct analyses?.

2 Related Work

2.1 On Evaluation Practices in NLP

Evaluation practices have evolved drastically in the
past 20 years, from small test suites like TSNLP
to the shared tasks still in use today (Lehmann
et al., 1996). The advent of LLMs has presented a
new challenge for evaluation. As these systems are
presented as general and task-agnostic, evaluation
has shifted from specialized tasks and metrics to
benchmarks aiming for global evaluation. How-
ever, this general, task-agnostic approach brings
construct validity issues: as benchmarks are instan-
tiated in specific data and metrics, they cannot mea-
sure general-purpose capabilities (Raji et al., 2021;
Litschko et al., 2023). In a systematic review of
445 articles that introduce LLM benchmarks, Bean

2https ://gitlab.univ-lorraine.fr/p05683/
biasinbenchmarks

et al. (2025) uncovered various forms of construct
validity issues, emerging due to lack of discussion
around benchmark validity, targeted phenomena,
data sources and statistical testing. More gener-
ally, Thomas and Uminsky (2022) and Bender and
Koller (2020) highlighted an overemphasis on spe-
cific metrics from the NLP community, linking it
to the risks of Goodhart’s law ("When a measure
becomes the target, it ceases to be an effective mea-
sure") and pointing at the real-world harms it can
lead to. Other authors argue for the adoption of
new, different evaluation lenses, e.g., with a focus
on real-world impact (Reiter, 2025).

2.2 On Flaws in LLM Benchmarks

Raji et al. (2021) define benchmarks as "a particu-
lar combination of a dataset or sets of datasets [...],
and a metric, conceptualized as representing one
or more specific tasks or sets of abilities, picked up
by a community of researchers as a shared frame-
work for the comparison of methods". Previous
research efforts have highlighted flaws from spe-
cific, popular LLM benchmarks. Alzahrani et al.
(2024) conducted systematic experiments to show
that minor perturbations to benchmarks could lead
to important changes in models’ rankings, and also
discussed benchmark leakage. MMLU has already
been the focus of Singh et al. (2025), who anno-
tated a subset of the benchmark for cultural bias in
the context of its adaptation and translation to 42
languages. They pointed out the presence and im-
pact of culturally sensitive instances, which mostly
require Western cultural knowledge. Another study
(Gema et al., 2025) proposed a subset of MMLU,
devoid of any factual errors, and estimated that
6.49% of the entire dataset could contain errors.
They raised the question of MMLU'’s reliability, as
"the reliability of benchmarking results is only as
robust as the quality of the dataset used". Most
similar to our work, Kraft et al. (2025) investigated
the presence of gender, religion, and geographic
bias in 20 question-answering benchmarks through
automatic entity mapping.

Our study presents novel aspects as it focuses on
both explicit and implicit bias, on MGSM, and
on the entire CSQA and MMLU test sets, and
with both manual and automatic approaches. The
present study proves complementary to previous
analyses and allows for a detailed exploration of
studied benchmarks.
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3 Material and methods

3.1 Selected benchmarks

As there is a wide variety of benchmarks available
for evaluating LL.Ms, some spanning over tens of
thousands of records such as BIG-Bench (Srivas-
tava et al., 2023), we had to limit our search to the
confines of our resources. Selected benchmarks
should cover a variety of subjects, be used to eval-
uate prominent LL.Ms, and be publicly and freely
accessible. We retained: Massive Multitask Lan-
guage Understanding (MMLU) (Hendrycks et al.,
2021), for which we only consider the test set
which contains 15,908 multiple-choice questions
(MCQ) in English about 57 subjects (e.g., sociol-
0gy, professional_law, virology) that were "manu-
ally collected by graduate and undergraduate stu-
dents from freely available sources online", and
CommonSenseQA (CSQA) (Talmor et al., 2019),
which contains 12,247 MCQ in English "that can
be easily answered by humans without context, and
require commonsense knowledge", and which were
created by crowdworkers, who were asked to "au-
thor questions that describe the relation between
concepts from ConceptNet" (Speer et al., 2016).
The Multilingual Grade School Math Benchmark
(MGSM) (Shi et al., 2022) was also selected to
represent smaller, specialized benchmarks. It is
composed of 250 mathematical problems extracted
from Cobbe et al. (2021) and translated from En-
glish into ten other languages. Unlike MMLU and
CSQA, it does not follow a MCQ format as only
questions and correct answers are provided. For
better comparability with MMLU and CSQA, we
only consider the English subset.

3.2 Manual annotation protocol

In order to quantify the presence of stereotypes, ex-
tensive manual annotations were conducted. Man-
ual annotation was deemed the best solution as
stereotypes exist within a given context, and vary
across time and place. Selected annotators come
from different cultural backgrounds to ensure a bet-
ter representativeness of what can be considered
stereotypical.

Overview and annotators demographics The
entirety of MGSM as well as of MMLU and CSQA
test sets — representing respectively 250, 14,028,

30nly the test set was considered as the entire benchmark
contains over 115,600 questions. After removing duplicates
from the test set, 14,028 questions remained.

and 1,140 instances — were manually annotated for
stereotypes. The annotators are 5 authors of the
present paper. Four of them performed manual
annotations in the context of a paid NLP master-
level internship, while the last annotator is a PhD
candidate in NLP. They are from different cultural
backgrounds, representing three world (sub)regions
(South Asia, West Asia, Western Europe) and differ-
ent gender identities. Guidelines were constructed
and revised while collectively annotating the first
1,000 instances of MMLU. In total, for MMLU,
each annotator individually labeled 3,000 instances,
and a total of 2,028 instances were annotated by
four annotators (see Appendix A). Final labels were
selected based on majority.

Stereotype annotation guidelines Manual anno-
tations were performed at question-level, including
the premise, the question, the answer options and
the answer deemed as correct. The annotation con-
sisted in flagging stereotypical content, choosing
one label among "explicit bias", "implicit bias", or
"neutral” (no bias). In this context, a biased in-
stance is one that can be considered harmful for
a specific population, and possibly relying on a
stereotype. A bias is said explicit if it is clearly
displayed without ambiguity, whereas an implicit
bias is derived from the context or is ambiguous
(cf.§ 5.1 and 5.2). For explicit and implicit bias, an-
notators must add a tag corresponding to the type(s)
of bias (inspired by Nangia et al. (2020); Névéol
et al. (2022): gender, ethnicity, socioeconomic sta-
tus, LGBT+, nationality, disability, physical appear-
ance, age, religion, or other). Two extra labels were
created for non-stereotypical bias: political and cul-
tural bias. These were used to flag instances that
require specific cultural or political knowledge to
be understood and answered. Detailed guidelines
are provided in Appendix B, along with examples
of manually annotated instances (cf. Appendix C).

Inter-annotator agreement Cohen’s Kappa (Co-
hen, 1960) was computed for each pair of anno-
tators, and Fleiss’ Kappa (Fleiss, 1971) was com-
puted for the total group agreement and for each
triple of annotators. Fleiss’ Kappa for 4 annotators
reached 0.728 on the 2,028 instances that were an-
notated by all 4 of them. Detailed agreements are
provided in Appendix D.

Cited authors’ demographics extraction Two
annotators in the group performed further analysis
of the 618 deduplicated quotes featured in MMLU.
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They looked up the cited person (e.g., Immanuel
Kant) and, after disambiguation, extracted their
nationality, gender, and occupation from Wikipedia
(e.g., German, male, philosopher).

Annotation of methodological issues While an-
notating for stereotypes, annotators were asked
to report any other issue. The issues that arose
from this process were related to methodological
flaws. Dedicated categories were created, build-
ing upon the error detection framework proposed
by Gema et al. (2025). These annotations were
only exhaustively conducted on CSQA because its
"common sense" content, unlike specialized cat-
egories in MMLU, does not require any specific
expertise to detect factual errors. On the contrary,
for MMLU and CSQA, annotators could not catch
all methodological errors as they do not have the
required knowledge on all specialized categories
(e.g., virology). Various methodological flaws were
uncovered, ranging from typos, agrammatical sen-
tences, and duplicated entries to problems with an-
swer options. However, as the samples with typos,
grammatical issues and duplicates are still answer-
able, we choose to focus on the methodological
issues which make the question impossible to an-
swer. It groups instances in which: (i) multiple
answers could be considered correct (but only one
is expected and deemed valid in CSQA), (ii) there
are duplicated answers in the propositions list, or al-
most identical ones, (iii) the correct answer is not in
the list, (iv) the answer options are not interpretable
(e.g., out-of-context "Answer I and II" with unde-
fined "I" and "II"). These instances were flagged as
methodological issues, and possibly factual errors
(especially for cases such as (iii)), by fact-checking
information contained in benchmarks. Sources like
scientific articles and Wikipedia were used for said
fact-checking (as shown in Figure 2).

3.3 Automatic analyses

Several automatic approaches were used to conduct
complementary, quantitative analyses on represen-
tation gaps between different social groups.

Social group indicators The diversity of repre-
sented social groups is quantified by counting in-
dicators of social group memberships, e.g. "she",
"Asian", "gay". Social group indicators were man-

ually accumulated from various sources* and cover
4e.g., (GLAAD, 2023; World Health Organization, 2025;

UK Government, 2025a; Stanford University, 2025; UK Gov-
ernment, 2025b; Encyclopedia Britannica, 2025)

Question Darla and Janice are two moms raising a son Timmy.
Which of the following most likely characterizes Timmy?

Answer  As long as Timmy has at least one supportive and
accepting caregiver he will have a healthy development.
Triples [Cmom’, ’raise’, ’son’), "woman’, ’are’, ’two mom’),

(’he’, have’, *healthy development’)]

Table 1: Example from MMLU, with extracted triples.

gender, nationality, religion, race/ethnicity, disabil-
ity/disorders, and LGBT+ identities. Regex were
then created based on the social group indicators
in order to find all occurrences. However, since
some indicators are polysemous (e.g., "white" can
be used to describe an object’s color and not only a
person’s skin color), all of the matches were manu-
ally checked for in-context relevance, and deleted
when irrelevant.

Triple extraction As gender is the most repre-
sented demographic attribute (cf. §5.1.1) and as
it is the easiest to detect in language (with gen-
dered pronouns, specific nouns such as "man" or
"woman", and first names’), we propose a case
study focusing exclusively on gender stereotypi-
cal associations. To study how gender groups are
represented, we leverage the contexts of appear-
ance of gendered words. Triples composed of sub-
ject, relation (verb), and object are processed with
a combination of Stanford Open IE to extract
triples (Manning et al., 2014; Angeli et al., 2015),
stanza (Qi et al., 2020) to filter out triples that do
not contain named entities or a gendered subject or
object, and gender guesser® to map names to the
gender they are most commonly associated with.
All extracted triples were manually checked and
improved when necessary.

4 Results

4.1 Manual annotations

Stereotypes A total of 207 MMLU instances
(i.e., 1.48%) were labeled as containing at least one
stereotype (including 63 "explicit", 135 "implicit"
and 9 ambiguous). Among those, 85 correspond to

SInferring genders from first names is usually bad prac-
tice (Larson, 2017). However, we believe that this is a rare
case where this practice is acceptable: as most names refer to
fictional characters in made-up scenarios, we are not assuming
real persons’ genders, which reduces risks of misgendering
and other harms. Further, these first names alone are likely
to be associated with a specific gender in readers’ minds (and
were probably thought as representative of a gender by the
benchmark content authors), and could activate corresponding
gender stereotypes.

6ht’cps: //test.pypi.org/project/
gender-guesser/
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Which of the following values is least
characteristic of Asians and Asian
Americans?

Bl | (2] [soreoma |

shame

What risk of people with severe insanity is that
they might do what?

[ egalitarianism ] [ fatalism }

A || kill people marathon
seek
E
help

=]

advance
into battle

wage
war

Explicit racial bias
(MMLU)

Explicit disability bias, agrammatical
(CSQA)

In a race with 240 Asians, 80 were
Japanese, and the rest were Chinese.
If the number of boys on the Chinese
team was 60, how many girls were on
the Chinese team?

Implicit racial bias
(MGSM)

Anorexia nervosa is a life-threatening illness that can lead to permanent physiological changes (such as brittle bones) and even death.
Which of the following individuals would be the most likely to develop this illness?

Maria, a 16-year-old Caucasian female, who is an A student and talented musician, but who feels that her life is out of control

Leticia, a 15-year-old African American female, who is an A student and exceptional athlete, plus an avid reader

Rosa, a 26-year old Hispanic female, who has just received her law degree, is struggling with debt from school, and having difficulty finding employment }
Virginia, a 14-year-old Caucasian female, who is a C student, is sexually promiscuous, and is experimenting with drugs }

Implicit gender bias
(MMLU)

Figure 1: Examples of instances from MMLU, CSQA, and MGSM with manual annotations. Note that answers
deemed as correct (indicated in green) are not provided in CSQA, and that MGSM only contains questions.

gender stereotypes, 54 instances present ethnicity-
based stereotypes, 42 instances target nationalities,
and 31 aim at religious groups. Five instances cu-
mulate two types of stereotypes. In CSQA, 9.21%
(105/1140) of instances were annotated as con-
taining a stereotypical, cultural, or political bias
(including 20 explicit stereotypes and 85 implicit
ones). More precisely, 38 instances were labeled as
culturally biased as they require US-specific knowl-
edge to be answered (e.g.: "If I am looking for a
dental office in Ann Arbor, what state am I likely
in?"), 15 questions were worded in a subjective,
politically situated way (e.g., "Where would you
install a security system?"), while remaining in-
stances were rooted in stereotypes based on na-
tionality, socioeconomic status, disability, gender,
religion, race, sexual orientation, or physical ap-
pearance. Another, rarely addressed bias category
was created for this benchmark, which has to do
with speciesism and violence against animals (Ha-
gendorff et al., 2022) as the vast majority of men-
tions of animals were related to their slaughter or
captivity. As MGSM has far fewer questions and
consists of mathematical problems, it does not con-
tain any explicit stereotypes, but one implicit racial
stereotype was uncovered. Figure 1 features this
stereotype and examples from MMLU and MGSM.

Quotes A subset of MMLU (855 instances) is
based on quotes from famous individuals, such as
Immanuel Kant, Aristotle, Thomas Aquinas, or
Sigmund Freud. Manual annotations show that

amongst the quoted individuals whose nationality
could be identified, 38.2% are from the U.S., and
only 13.4% are from a non-Western country (e.g.,
Russia, India, China — see figure in Appendix E).
In parallel, above 90% of citations are from men’.
In total, 107 quotes (i.e., over 12% of all quotes,
and 51.7% of all stereotypical MMLU instances)
feature stereotypical content. These quotes contain
sexist, racist, or homophobic content that is not
re-contextualized or commented in the question (cf.
Appendix F). Some of these quotes convey colo-
nialist, pro-slavery stances, that sometimes include
racial slurs.

Methodological issues While this is not the core
focus of this study, our manual analysis did yield
some interesting results on the methodological
quality of the studied benchmark. Most notably,
when taking into account typos, duplicates, agram-
matical instances and the different factual errors
categories, 49% (563/1140) of the CSQA test set
is flagged as methodologically flawed. Most ques-
tions are flagged because they have multiple ac-
ceptable answers (see Appendix G). This may be
due to the subjective aspect of the "common sense"
task of this benchmark, which remains minimally
defined. Even if MMLU could not be exhaustively
annotated for methodological flaws as most ques-
tions require specific knowledge, 41 instances were

Al percentages include people that are cited multiple
times as it weighs more in both mental representations and
benchmarks scores.
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flagged as presenting factual errors. Most of these
instance revolve around two specific, sensitive top-
ics. First, MMLU features 7 questions related
to menstruating individuals’ (reproductive) health
(e.g., menstruation/endometriosis/embryo), out of
131 "human sexuality” questions. Among these
7 questions, 3 contain factual errors and are rep-
resented in Figure 2. Second, the virology topic
of MMLU contains 166 instances, 21 of which
directly addressing HIV. Eight of these 21 HIV-
related questions present factual errors, some of
them propagating stigmatizing beliefs (see Fig. 2).

4.2 Automatic extraction

Social groups indicators In total, 3,574 in-
stances of MMLU contain at least one indicator
of social group membership (as defined in Sec-
tion 3.3), 2,967 CSQA instances, and 164 MGSM
instances (where all but one instance, presented
in Fig. 1, matched on gender identity indicators).
Distributions of occurrences vary across social
groups types, as presented in Table 2. The main
findings reveal representation imbalance for many
categories: Male indicators respectively represent
63.2%, 76.6%, and 52%°® of all gendered indica-
tors in MMLU, CSQA? and MGSM. The U.S. is
by far the most represented country, representing
21.5% of all MMLU countries/nationalities occur-
rences, and 14.56% of CSQA occurrences. The
majority of religious indicators are generic and can
represent different religions (e.g., "god", "holy"),
accounting for 52% of all religious indicators in
MMLU, and 42% in CSQA. However, the specific
religion that is the most represented is Christianity
(16.9% of all religious indicators in MMLU, and
32.3% in CSQA). Explicit mentions of ethnicity
are not common, but the majority of them repre-
sent White people (24.3% of all MMLU ethnicity
indicators). Mental health disorders are the most
represented type of disability/health issues, with a
majority of occurrences of the word "depression"
(which accounts for 10.7% of all disability indica-
tors in MMLU, and 38.6% in CSQA). There are
very few indicators related to the LGBT+ commu-
nity, and the majority of them represent homosexu-
ality, and more specifically male homosexuality (in
MMLU, "homosexual(ity)", "gay", and "lesbian"

8Only male and female indicators were considered as other
gender identities’ pronouns and nouns were either absent or
ambiguous as they can refer to plural forms.

°All automatic analyses consider the entirety of CSQA,

combining the train, val, and test sets, whereas manual analy-
ses only consider its test set.

Type Percentage

MMLU CSQA MGSM
Gender 67.42 2647 994
Nationality ~ 16.93 38.68 0.6
Religion 7.6 2656 0
Disability 2.61 6.49 0
Ethnicity 4.56 1.32 0
LGBT+ 0.48 0.38 0

Table 2: Distribution of social groups per benchmark.

account for 66% of indicators, with "gay" accou-
ting for 18% of all indicators; CSQA contains 7
occurrences of "homosexual" and 1 occurrence of
"heterosexual") .

Triples A total of 7,183, 4,205, and 671 subject-
verb-object triples were respectively retrieved from
MMLU, CSQA and MGSM '°. To identify the
most gender-specific verbs, we subtract the number
of occurrences of verbs used with a masculine vs.
feminine subject. The extracted triples are used
to identify implicit stereotypical associations in
§5.2.2.

S Analyses: benchmarks encapsulate
both explicit and implicit bias

Manual annotations and automatic extractions high-
light the differential representation of social groups.
We categorize them into explicit vs. implicit bias.

5.1 Explicit bias

Bias is said explicit when it relies on explicit men-
tions of social groups, which are directly encoded
in language (through lexicon, or even in morphol-
ogy for gender in English), and when the depiction
of the mentioned social groups openly differ (ei-
ther in quantity, or in sentiment). Explicit bias is
thus more visible, more easily measurable, and it
is generally a conscious, self-recognized type of
bias in speakers’ mind. This explicit vs. implicit
distinction is parallel to Hartvigsen et al. (2022).

5.1.1 Erasure: benchmarks are about men
and the US

"To attain high accuracy on this test, models must
possess extensive world knowledge and problem
solving ability" (Hendrycks et al., 2021). This
quote from the MMLU paper illustrates the idea
that general benchmarks aim to test LLMs on so-
called "world knowledge". One would expect that
it implies representing a diversity of social groups,

10Verbs that are the most associated with a male vs. female
subject are compared in Appendix H.
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By 28 days after conception, the
embryo is about ___ centimetres

) D)

@ low levels of E
prostaglandin

Menstrual cramps may be caused, in part, by:

The most widespread and important retrovirus
is HIV-1; which of the following is true?

=)

an increased
oxygen supply to
the uterus

Infecting only
gay people

Infecting only
males

highly sensitive
nerve endings

L J e ]

|

frequent
masturbation

Infecting every Infecting only
3
females

world

Factual answer: 4 millimeters

€ J U

Factual answer: high levels of
[1] prostaglandin [2]

country in the
Factual answer: None of the above [3]

J U J

[1] https://en.wikipedia.org/wiki/Timeline_of_human_prenatal_development

[2] https://www.msdmanuals.com/home/women-s-health-issues/menstrual-disorders-and-abnormal-uterine-bleeding/menstrual-cramps
[3] https://www.who.int/teams/global-hiv-hepatitis-and-stis-programmes/hiv/strategic-information/hiv-data-and-statistics ; https://en.wikipedia.org/wiki/Misconceptions_about_HIV/AIDS

Figure 2: Examples of instances from MMLU with factual errors.

but also of historical events and famous individuals.
Such a coverage would both ensure the capabili-
ties of LLMs on representative "world knowledge"
and control for performance gaps across social
groups. However, benchmarks exhibit representa-
tional harm as they fail to equally represent differ-
ent social groups and different sets of knowledge:
only instances about specific knowledge were in-
cluded in the creation of the datasets. More pre-
cisely, benchmarks widely focus on US-related
knowledge, and majoritarily depict men (cf. §4.2).
Even in MGSM, a mathematical benchmark, many
problems involve a man, in a US/Anglosphere con-
text, such as: "John buys 2 pairs of shoes for each
of his 3 children. They cost $60 each. How much
did he pay?". Besides, the absence of non-binary
gender identities in all three benchmarks consti-
tutes a type of erasure. This imbalance of repre-
sentations and US-centric aspect are intertwined
with the initial design of benchmarks. For in-
stance, some MMLU subjects and questions are
directly extracted from the Advanced Placement
(AP) curriculum, and split history questions into
three subjects: US history, European history, and
world history. Representational harm leads to the
under-representation or invisibilization of some
groups (Crawford, 2017), and to epistemic vio-
lence (Spivak, 1988). The design choices of relying
on US-centric sources such as AP also clash with
the aforementioned claim stipulating that bench-
marks cover "world knowledge".

5.1.2 Blunt statements: benchmarks reinforce
disparagement and dehumanization

Manual annotations (cf. §4.1) unveil the presence
of explicit stereotypes. Even if relatively scarce,
such a presence is undesirable as it is harmful, and
can easily be removed. Further, if the answer cu-
rated as correct reinforces a stereotype, it rewards

LLMs that encapsulate such stereotypes.

Explicit, indirect bias: benchmarks feature out-
dated, sexist and colonialist stances Explicit
bias is also present in the more specific form of
quotes. MMLU quotes carry specific world views,
anchored in specific historical and cultural contexts.
Their inclusion results from choices made during
the benchmark conception. Including such content
should be questioned, and the impact it could have
on the amplification of stereotypical bias by LLMs
should be further investigated. This is an even more
concerning issue as the representation of women,
people of color and LGBTQ+ individuals is already
scarce in these benchmarks, and that a number of
occurrences of terms appear in discriminatory con-
texts. These harmful quotes are not only a case of
explicit bias, but also of indirect bias, as the content
is not attributed to the benchmarks’ creators but to
the cited authors. That way, the responsibility of
the quote is shifted to other individuals.

5.2 Implicit bias

Implicit bias occurs when the target social group is
not directly accessible through language, or when
the group is not directly associated with a negative
or stereotypical trait, and has to be inferred from
more subtle contextual/socio-cultural knowledge
(e.g., to reduce someone to their ethnicity, and to re-
duce an ethnicity to a few countries, such as Asians
with China, Japan, and South Korea). It is usually
considered unconscious and deeply rooted in speak-
ers’ cognition, and therefore more difficult to detect
and to mitigate. Similarly, LLMs’ responses show
more implicit than explicit bias, which is more dif-
ficult to detect and mitigate (Hofmann et al., 2024).
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5.2.1 Implicit annotated stereotypes

This is the first study to provide manual annotations
of both implicit and explicit bias in benchmarks.
The results show that the studied benchmarks con-
tain more implicit than explicit stereotypes. As
mentioned above, implicit stereotypes are more
difficult to detect as they are more subtle and re-
quire more specific background knowledge. Some
implicit stereotypes may seem less harmful than
explicit stereotypes, but they do contribute to the
negative depiction and essentialisation of socially
disadvantaged groups.

5.2.2 Stereotypical gender associations

Well-known gender stereotypes are uncovered
across the three benchmarks with extracted triples:
the verbs that are the most associated with male
subjects represent active behaviors (make, take, de-
cide, want, need, use) and actions related to money
(pay, sell, earn), whereas the verbs that are the most
associated with female subjects represent more pas-
sive behaviors (ask, observe). In MMLU, verbs
associated with female subjects are even related to
a victim status (sue, testify), whereas in MGSM,
some verbs directly refer to specific gender roles,
with female subjects being strongly associated with
care activities (teaching, babysitting, feeding, or
cooking). More implicit stereotypes emerge from
these detailed, content-oriented analyses and reveal
that benchmarks like MGSM can also encapsulate
and perpetuate stereotypical associations. Such
representations, e.g., instead of directly stating that
"women belong in the kitchen", women are exclu-
sively depicted in kitchens, contribute to maintain-
ing and reinforcing stereotypes and gender role
norms (Sap et al., 2017; Santoniccolo et al., 2023).

5.2.3 A situated depiction of history

Both the content and authors of MMLU quotes
constitute a form of explicit bias (cf. §5.1.2).

The lack of gender and nationality diversity
among cited individuals revealed by manual anno-
tations perpetuates representational harm in bench-
marks. The citation of people with a greater di-
versity of gender identities, socio-political back-
grounds, and from various times and places
would broaden perspectives. Representational
harm can also be mitigated by contextualiz-
ing quotes to address the outdated and harmful
stances in benchmark content. Further, the ma-
jority of stereotypical quotes belong to the three
"history" topics. Specifically, 27.8% (46/165)

of the high_school_european_history instances
have been labeled as biased, 18.1% (43/237) of
high_school_world_history, and 16.1% (33/204)
of high_school_US_history.

5.2.4 Fact checking: benchmarks propagate
misinformation

While detected methodological flaws mostly im-
pact the reliability of benchmarks by creating
noise, they can also lead to bias and related harm.
Specifically, instances spreading misinformation
about abortion and HIV (see Section 4.1) can
harm menstruating'! individuals, and HIV-positive
people. These errors perpetuate false knowledge
on women’s and other menstruating individuals’
health, which can impact their medical treatment.
The question about the embryo can be especially
dangerous as candidate answers, including the one
deemed as correct, over-estimate size, which could
contribute to anti-abortion stances supported by
misinformation (Pagoto et al., 2023). Similarly,
erroneous HIV-related questions negatively affect
HIV-positive individuals, spread inaccurate infor-
mation and perpetuate harmful stereotypes about
the LGBT+ community and HIV.

6 Conclusion: Rethinking LLM
Evaluation

The biases that were uncovered in this study sug-
gest that we, as a community, need to rethink evalu-
ation practices in NLP, and for LLMs in particular.

Actionable solutions to limit the damage.
Benchmarks build on solid evaluation legacy and
can be improved with small, actionable changes.

Following Raji et al. (2021) and Litschko et al.
(2023), we argue that user-centered tasks should
be re-established, with more specific benchmarks
that target and define a specific task or domain,
covering languages beyond (American) English.

Second, methodological rigor should be a re-
quirement. Bean et al. (2025) propose an "oper-
ational checklist", that includes defining targeted
phenomenon, representativeness of datasets, con-
tamination preparation, and justification for con-
struction validity. Most methodological flaws and
representational harm could be avoided by follow-
ing such checklists, or by externally auditing bench-
marks for quality before release.

"The term "menstruating people/individuals" is used to
state that not all women have periods and not all people with

periods are women. The association with women is relevant as
sexism is a driver of health related under/mis-representation.
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Third, quality control of benchmarks should
be improved and enhanced with bias evaluation.
Our approach could be used to control for differ-
ent types of bias and associated harms in existing
benchmarks, but benchmarks creators should aim at
ethical by design (Brey and Dainow, 2024). Bow-
man and Dahl (2021) suggest that benchmarks
should always be used in parallel with dedicated
bias benchmarks, so as to counter-balance the ef-
fect of primary benchmarks to unintentionally and
subtly reward biased models. These findings high-
light the political dimension of omitting bias testing
and support the idea that parallelizing benchmarks
could incentivize LLM creators to prioritize bias
metrics and to provide appropriate solutions.

Alternatives beyond benchmarks Some authors
argue that benchmarks are intrinsically flawed eval-
uation methods that should be replaced or com-
bined with new evaluation frameworks and tech-
niques. Thomas and Uminsky (2022) argue that the
current overemphasis on metrics leads to real-world
harms. They propose a harm mitigation frame-
work, which includes involving diverse groups of
stakeholders, and combining metrics with quali-
tative accounts, so as to take into consideration
long-term concerns (e.g., NLP systems’ impact on
society and on the environment). Similarly, Reiter
(2025) pleads for a new evaluation lens, focused
on real-world impact. Impact evaluation can be
implemented with various techniques, such as clin-
ical trials, A/B testing, or before-and-after studies,
and could lead to more ethical evaluation methods
which aim at understanding whether NLP systems
can cause harm. Further, this approach would put
users at the core of evaluation practices (Fessler
and Grémy, 2001).

Caution with LLMs is called for One of the
take-aways of this study, in combination with pre-
vious research efforts (Gema et al., 2025; Kraft
et al., 2025), is that current LLM evaluation prac-
tices relying on benchmarks are not satisfactory as
they are not representative, neutral, or rigorous. In
fact, LLMs do constitute a challenge for evaluation.
As these systems do not have pre-established goals
or tasks, it is difficult to anticipate their actual uses
and associated risks (Bender et al., 2021). Further,
their black-box aspectadds another layer of com-
plexity for evaluation in realistic contexts. In other
words, LLM evaluation is challenging and should
be an ongoing discussion. In this context, where we
still do not know how to properly evaluate LLMs,

and especially their risks and harms, we argue that
we should be more cautious in LLM use and de-
ployment for real-world applications, especially at
large scales and in sensitive contexts.

Limitations

This study addresses three static benchmarks in
English. We acknowledge that the study should
be conducted on other LLM benchmarks, and in
other languages, in order to estimate how general
our findings are. It would also be useful to explore
how the automatic analysis conducted here could
extend to dynamic benchmarks, where evaluation
content is created on the fly.

Further, external annotators could be recruited
to further validate our manual annotation protocol,
which is even more necessary as the task remains
inherently subjective, and sensitive to annotators’
implicit biases. Another limitation lies in the man-
ner in which we evaluated automatic extraction of
keywords and triples: manual fixes control false
positives, but do not take into consideration false
negatives. Thus, recall remains unknown and it is
possible that the presented methods miss relevant
keywords or triples.

Besides, we could not go as far as proving causal-
ity between LLLM biases and benchmarks’ biases.
This implies comparing differences in LLM scores
on original benchmarks vs. filtered benchmarks,
where all stereotypical and biased instances are re-
moved. However, filtering out all instances that
lead to biases would be challenging, especially for
instances related to implicit biases and representa-
tional harm. In order to remove all types of biases
into account, filtered benchmarks would either con-
tain far fewer instances, or require data augmen-
tation strategies to balance out all social groups.
Thus, further investigation on causality analyses
should be conducted.

Finally, further efforts should be dedicated to
evaluate the downstream impact of benchmarks’
flaws and stereotypical bias, e.g., on model rank-
ings, LLM training, and possible LLM bias ampli-
fication.
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A Number of instances annotated by each
annotated, for each benchmark

MMLU CSQA MGSM

Al 5,028 / 250
A2 5,028 / 250
A3 5,028 / 250
A4 5,028 114 250
AS / 1,140 250

B Bias annotation guidelines (detailed)

The general rules mentioned below are used to
choose between stereotypical bias (implicit or ex-
plicit), and neutral:

1. If a question and/or its correct answer is ex-
plicitly or implicitly containing content that
can be considered as harmful against a popu-
lation, then it must be annotated as implicit or
explicit bias, except in the case of point 2.

2. If a question is explicitly or implicitly biased,
but the answer is mentioning the wrongness of
the question, the question must be annotated
as "Neutral".

3. In the case of quotation or direct or indirect
discourse from an existing person, the con-
tent is treated as any other question content,
but the mention "quote" must be added in an
additional column.

4. Any association of a population to a certain ac-
tivity or entity that may be considered stereo-
typical if present at large scale should be an-
notated as "Neutral". For instance, several
records within the "moral_scenarios" section
of MMLU revolve around immoral actions
perpetuated against (elderly) women. How-
ever, a single instance is not considered biased,
it is the accumulation of these instances, at
corpus-scale, that creates a stereotypical bias.

5. If a question relies on an abusive general-
ization or oversimplification, then it is bi-
ased. This guideline refers to very niche cases,
such as the following record in MMLU: "The
Basques, Bretons, Kashmiris, and Tamils are
all examples of " where the answer deemed
as correct is "separatist groups', whereas this
is disputable, and only applies to subsets of
population within said groups.

We are considering four labels for the annotation:
explicit bias, implicit bias, political
or cultural bias (non-stereotypical),
neutral (no bias).

We define a bias to be explicit if they are
clearly displayed without ambiguity. We refer to
bias implicit if they are derived from the con-
text of a sentence or are ambiguous. Instances that
require specific cultural knowledge, or rely on spe-
cific political opinions are tagged Political or
cultural bias. These cases do not encapsulate
stereotypes but do favor specific cultures or politi-
cal beliefs.

If the annotated labels are either explicit or
implicit stereotypical bias, an additional tag is

added to specify the type of bias. Nine types
of bias are considered: gender, ethnicity,
socioeconomic status, LGBT+ identity,
nationality, disability, physical

appearance, age, religion, other.

C Manually annotated examples from
CSQA, with explanations

If a clock is not ticking, what is its likely status?
[stop working, dead batteries, fail to work, time
event, working correctly]

= Neutral (no bias), because no content that
could harm categories of population, no cul-
tural or political assumptions.

What state is usually always red in the national
elections?
[utah, louisiana, texas, oklahoma, redtwig]

= Cultural bias, because specific knowledge
related to the US culture required to answer
the question.

What could you find a diaphragm in?
[drugstore, woman’s body, human, drugstore,
person’s chest]

= Implicit gender bias, because answer op-
tions imply that a woman’s body is different
from a human body (and possibly lacks a di-
aphragm).
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D Detailed inter-annotator agreements
for stereotypes annotations on MMLU

Annotator Subset Fleiss’
All 4 (A1-4) 0.728
Al, A2, A3 0.717
Al, A2, A4 0.754
Al, A3, A4 0.726
A2, A3, Ad 0.713
Table 3: Fleiss’ kappa scores for each annotator subset
on MMLU.
Impl./Expl./Neutral | Bias/Neutral
Al, A2 | 0.723 0.854
Al, A3 | 0.653 0.832
Al, A4 | 0.838 0.930
A2, A3 | 0.783 0.855
A2, A4 | 0.692 0.832
A3, A4 | 0.674 0.836

Table 4: Cohen’s « between pairs of annotators for
MMLU, under various category-aggregation strategies.

E Cited authors’ nationalities (MMLU)

Occurrences

100 A

American -

British
German A
French -
Ancient greek -
Italian
Chinese -
Spanish -
Russian -
Maghrebi
Ghanaian -

Roman

Indian -

Dutch 4
Australian 4

Austrian A

Persian

Soviet |
Arab andalusian -

Quechua -

Swiss
Guyanese -

Canadian -
Venezuelan -

Florentine
Mesopotamian -

Figure 3: Detailed counts of cited authors’ nationality.
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Polish

Berber -

Nicaraguan -

Indonesian -

Zoroastrian
Ancient egyptian -

Portuguese -
South african A

Japanese -

Danish A

Syrian
Senegalese -

Mauryan -
Jamaican -

Venetian -

Athenian -

Turkish -
New zealand -

Shah
Genevan A

Ottoman -
Roman egypt 1

Irish -

Hungarian

Palestinian




F Example of quote in MMLU

This question refers to the following information.

"Let a woman retire late to bed, but rise early to duties; let her nor dread tasks by day or by night. Let her not refuse to perform domestic duties
whether easy or difficult. That which must be done, let her finish completely, tidily, and systematically, When a woman follows such rules as these,
then she may be said to be industrious. Let a woman be correct in manner and upright in character in order to serve her husband. Let her live in
purity and quietness of spirit, and attend to her own affairs. Let her love not gossip and silly laughter. Let her cleanse and purify and arrange in
order the wine and the food for the offerings to the ancestors. When a woman observes such principles as these, then she may be said to continue
ancestral worship. No woman who observes these three fundamentals of life has ever had a bad reputation or has fallen into disgrace. If a woman
fail to observe them, how can her name be honored; how can she but bring disgrace upon herself?"

The East Asian Library and the Gest Collection, Princeton University. Ban Zhao, Lessons for a Woman, ca. 80 C.E.

Which of the following is expressed as an expectation for women in ancient China, according to the passage?

@ [ That they obediently fulfill their obligations within the home ] [ That they collaborate with their husbands on domestic tasks ]

[ That they pursue education in order to find meaningful employment ] [ That they speak their minds boldly ]

Explicit gender bias
(MMLU)

Figure 4: Example of MMLU instance (from the high
school world history topic) containing a quote.

G Detailed manual annotations for
methodological issues in CSQA

Type of methodological issue Ocec.
Multiple answers can be considered correct 414
Unclear question and/or answers 59
Typo 48
Agrammatical 42
Duplicates in proposed answers 37
Correct answer not in list 10
Answer is in the question 1

No explicit question 1

Table 5: Detailed manual annotations of methodological
issues in CSQA (test set). Note that each instance can
be annotated with more than one issue.
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H Top 30 most associated verbs
depending on the gender of the subject,
in MMLU, CSQA, and MGSM

Please note that the scales are different across sub-
figures (x axis).

come
sue
spend
ask
observe
transfer
stop
live
record
hire

fly

call
stick
mortgage
consult
enter
know
bring
set

get

tell
place
put

go

use

pay
decide
drive
take
make

Verbs with Largest Gender Gaps (MMLU)

[ Women subjects
I Men subjects

-20 O 20 40 60

Gender Gap (Men - Women)

Verbs with Largest Gender Gaps (CSQA)

fill
think

distract
say
hide
poke
break
shock
curl
fetch
store
answer
warn
feel

I Women subjects
N Men subjects

0 50 100 150
Gender Gap (Men - Women)

give
receive
go

collect
place
start
sleep
write
choose
solve
babysit
teach
cook
roll
plan
play
add
rent
decide
walk
plant
watch
get
make
earn
sell
spend
have
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Verbs with Largest Gender Gaps (MGSM)
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0 10 20 30
Gender Gap (Men - Women)




