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Abstract

Reporting bias is the tendency for speakers to
omit unnecessary or obvious information while
mentioning things they consider relevant or sur-
prising. In descriptions of people, reporting
bias can manifest as a tendency to over report
on attributes that deviate from the norm. While
social bias in language models has garnered a
lot of attention in recent years, a majority of
the existing work equates “bias” with “stereo-
types”. We suggest reporting bias as an al-
ternative lens through which to study how so-
cial attitudes manifest in language models. We
present the MARB dataset, a diagnostic dataset
for studying the interaction between social bias
and reporting bias in language models. We use
MARB to evaluate the off-the-shelf behavior of
both masked and autoregressive language mod-
els and find signs of reporting bias with regards
to marginalized identities, mirroring that which
can be found in human text. This effect is par-
ticularly pronounced when taking gender into
account, demonstrating the importance of con-
sidering intersectionality when studying social
phenomena like biases.

1 Introduction

The issue of social bias in language models has
received increased attention in the past few years,
with many recent efforts focusing on benchmark
datasets for quantifying bias in a way that is com-
parable across models (Blodgett et al., 2021). The
majority of work in this area equates “bias” with
“stereotypes” (Blodgett et al., 2020). While stereo-
types are indeed one way in which social inequali-
ties manifest in language, they are only one of the
symptoms of a larger underlying problem. Lan-
guage in itself is a social phenomenon (Bakhtin,
1935/1981). Utterances do not only communicate
semantic and pragmatic content; they also mirror
the social perspective of the speaker.

In order to better predict potential harms caused
by language models, we need a more holistic un-

derstanding of “bias” that connects model behavior
with social norms, attitudes and expectations. In
other words, we do not see bias as inherently or
necessarily bad. Instead, we view biases as symp-
toms of a perspective being encoded in the model.
We suggest reporting bias, or “the tendency of peo-
ple to not state the obvious” (Paik et al., 2021), as
a lens through which to study social norms and
attitudes in language models. In descriptions of
people, reporting bias can manifest as a tendency to
over report on attributes that deviate from the norm,
drawing further attention to the perceived Other-
ness (see e.g. Thomas-Olalde and Velho, 2011) of
already marginalized groups. Despite the obvious
connection, the relationship between reporting bias
and social biases has not previously been studied.

To address this research gap, we introduce the
Marked Attribute and Reporting Bias dataset, or
MARB for short, for measuring model reporting
bias with regards to sensitive human attributes such
as race, queerness and disability. We generate tem-
plates from naturally occurring English text, which
are then populated with different descriptors re-
lated to these attributes. The full dataset and usage
instructions can be found on GitHub.1

We introduce the dataset in Section 4 and discuss
the theoretical motivations and technical implemen-
tation behind it, as well as recommendations for
how it can be used. As an example of this rec-
ommended usage, we evaluate six popular large
language models with MARB in Section 5.

We find signs of reporting bias with regards to
marginalized attributes, similar to that which is
found in online news media. We also find that
the gender of the person being described has a
noticeable effect on the observed reporting bias,
in that sentences describing women are generally
more likely to mention attributes like race or queer-
ness. The effect is particularly striking for sen-

1https://github.com/TomBladsjo/MARB
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tences mentioning Asian women, underlining the
importance of taking intersectionality2 into account
when studying bias.

1.1 Bias Statement
Throughout this work we understand the term bias
broadly to mean any systematic difference in model
performance between subsets of the data that share
a specific property. As such, we do not view biases
as necessarily and inherently harmful.

The properties of interest in the MARB dataset
are descriptors identifying certain social groups.
On the one hand, differences in how likely different
attributes are to be mentioned can be understood as
a kind of representational harm; consistently point-
ing out characteristics that differ from the norm
may contribute to society’s view of marginalized
groups as strange and Other (Thomas-Olalde and
Velho, 2011). On the other hand, it can also be
used as an indicator of how different social groups
are perceived, providing a useful tool for studying
social norms and attitudes that would otherwise be
hard to identify.

2 Related Work

Reporting bias in training data has been shown to
affect the commonsense knowledge acquired by
language models (Shwartz and Choi, 2020; Paik
et al., 2021). Much of the existing work in this area
focuses on visual commonsense knowledge, such
as the colors of common objects (Paik et al., 2021;
Hagström and Johansson, 2022; Misra et al., 2016).

The issue of social biases in language models
has received increasing attention in recent years
(Blodgett et al., 2020; Ducel et al., 2023). The
majority of works in this field have focused specifi-
cally on gender and/or racial bias in simple binary
settings such as male/female, white/Black (e.g. Kir-
itchenko and Mohammad, 2018; May et al., 2019;
Tal et al., 2022). However, more recent work has
also branched out to finer-grained analyses of bi-
ases against other social groups, such as people
with disabilities (Hutchinson et al., 2020) and queer
people (Felkner et al., 2023). May et al. (2019) note
the need to consider intersectional biases, an area
that is still under-researched.

A growing body of research has been directed
towards quantifying social biases in ways that are

2Throughout this work we understand the term intersec-
tionality as social dynamics or effects that arise when looking
at two or more attributes but that are smaller or completely
absent when looking at them separately.

(a) A little girl in a pink dress going into a wooden
cabin.

(b) An Asian girl in a pink dress is smiling whilst
out in the countryside.

Figure 1: Two images with accompanying captions from
the Flickr8k dataset (Hodosh et al., 2013).

generalizable across models. Many of these bench-
marks and diagnostic datasets rely on artificially
constructed templates (e.g. Warstadt et al., 2020;
Felkner et al., 2023) or crowdworkers (e.g. Nadeem
et al., 2021; Nangia et al., 2020) for contrasting ex-
amples. The majority of these papers conceptualize
“bias” as stereotypes.

There has not been any previous work studying
the interactions between reporting bias and social
biases.

3 Reporting Bias and Markedness

Human language is underspecified. When we talk,
we leave out the things we consider unimportant,
inferrable from context or simply too obvious to
mention. This behavior, described by Grice (1975)
as the maxim of quantity, leads to a discrepancy
between reality and description that is known as
reporting bias. Levinson (2000) builds on Gricean
theory by considering what makes something too
obvious to mention. He suggests that linguistic
expressions have so-called default interpretations:
When we hear a certain expression, the interpreta-
tion closest at hand will often be the most typical
or normative one. If we want to describe a situation
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that differs from that norm, we need to specify by
marking it in our message. Thus, in human com-
munication, “what is simply described is stereotyp-
ically exemplified” (Levinson, 2000, p. 136), while
a marked message indicates a marked situation.

To use a frequent example from previous work
on reporting bias (e.g. Paik et al., 2021; Shwartz
and Choi, 2020), while most of us would agree that
bananas are typically yellow, the bigram “green
banana” tends to be more frequent than “yellow
banana” in text. Figure 1 gives an example of how
the same phenomenon manifests in descriptions of
people. The girl in 1a is simply described as “a
little girl”, while the girl in 1b is described as “an
Asian girl”. We can interpret this as the annotator
considering “white” to be the default for little girls,
and thus too obvious to mention in the caption.3

In Table 1 we sketch a simple model of marked-
ness with two types of situation (marked and un-
marked) and two types of message (again, marked
and unmarked). Since we are currently interested
in reporting bias related to human attributes, we
consider a marked situation in this context to be
one where a person has some attribute that deviates
from the unmarked norm. Note that the unmarked
message is the same for both types of situation; it
is only in marked messages we can really know
which situation is being described.

In practice unmarked messages tend to be more
common than marked messages regardless of the
attribute in question. It would be inefficient to
include every single detail when describing a situa-
tion. On the other hand, we would expect marked
messages to be more common for marked attributes
than for unmarked ones, in accordance with the
Gricean maxim of quantity.

3In social sciences, this would be described as whiteness
being the unmarked norm (Bucholtz and Hall, 2005).

Marked
situation

Unmarked
situation

Marked
message

an Asian girl a white girl

Unmarked
message

a girl a girl

Table 1: A simple model of markedness. We would
expect marked messages to describe marked situations,
and unmarked messages to describe unmarked situa-
tions.

Person-word

Descriptor Person Woman Man

Asian 1.7e-4 1.3e-3 4.6e-4
Black 3.8e-3 1.6e-2 1.3e-2
Hispanic 4.0e-5 2.3e-4 1.8e-4
White 1.9e-3 4.8e-3 5.3e-3
Native Hawaiian 0 1.0e-5 0
Native American 1.0e-5 3.2e-4 1.0e-4

Table 2: Conditional probabilities of racial attribute de-
scriptors given each person-word, obtained from ngram
frequencies in the NOW corpus. In general, racial at-
tributes are mentioned more often along with the word
woman. Two notable cases (marked in bold) are Black
woman, with the highest probability overall, and Native
Hawaiian, which only co-occurs with woman.

3.1 Reporting Bias in Text

Following earlier work on reporting bias (Gordon
and Van Durme, 2013; Shwartz and Choi, 2020;
Paik et al., 2021), we start by investigating how the
kind of reporting bias we are interested in manifests
in a large corpus of human text. For this purpose we
analyze the News on the Web corpus (NOW)4, a 20
billion word collection of English language news
text from web-based newspapers and magazines.

More specifically, we look at the conditional
probability that a racial attribute descriptor modi-
fies a given noun designating a person. The results
are reported in Table 2. For all person words, Black
is the most commonly mentioned attribute descrip-
tor, followed by white. We then compare these
probabilities with the ones that arise from recent
US demographic data5 (US Census Bureau, 2020).

We find a somewhat strong Spearman rank cor-
relation (ρ = .67, p = .002), which indicates
that attributes that are more common in the United
States are also mentioned more often in English
language news text (predominantly from American
sources). On the other hand, a very weak Pearson
correlation (r = .21, p = .4) shows that this re-
lationship is not linear – the frequency at which a
certain attribute is mentioned is not proportional
to how common it is in real life. In other words,
there is a discrepancy between reality and how it

4english-corpora.org/now
5We consider each n-gram consisting of a descriptor fol-

lowed by a person-word to be a datapoint in this context.
Furthermore, the US demographic data does not record the
gender distributions in racial and ethnic groups. Thus, we as-
sume that real-world race and ethnicity is similarly distributed
for all genders for the purposes of this analysis.
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Version Sequence

Unmarked I was talking to a woman
Lesbian I was talking to a lesbian
Straight I was talking to a straight woman
Trans I was talking to a trans woman
Cis I was talking to a cis woman

Table 3: Example sequences from the dataset for the
category Queerness. Each marked version contrasts
with the unmarked template sequence by specifying the
relevant attribute. Note that “Lesbian” appears on its
own instead of preceding the word “woman”.

is described in the NOW corpus, which is a sign of
reporting bias. Note that the person-word woman
displays the highest value for all attribute descrip-
tors except for white, indicating that race or eth-
nicity is more commonly mentioned when talking
about women. We will return to this phenomenon
in Section 5.

4 The MARB Dataset

4.1 General Description

The Marked Attribute and Reporting Bias (MARB)
dataset is intended as a diagnostic dataset for detect-
ing reporting bias with regards to socially marked
attributes in English. However, the dataset itself
and the techniques used to create it are agnostic
as to testing method and model architecture. This
means that MARB can be used to explore other
research questions as well.

MARB consists of 28.5K sequence templates
based on naturally occurring written English text6

which can be used to construct examples given cer-
tain categories of attributes. Following the marked-
ness model described in Table 1, we let the tem-
plate sequences constitute our unmarked messages.
By copying each sequence and inserting a descrip-
tor for the attribute of interest, we obtain a set of
marked sequences for each attribute descriptor (see
Table 3). This lets us measure the effect of adding
the attribute descriptor by comparing the probabil-
ity of a marked message with that of its unmarked
version.

The current release of the dataset includes at-
tribute descriptors pertaining to Race, Queerness,
and Disability. We also provide methods for users
to expand the dataset with categories and descrip-
tors of their own. A more detailed breakdown of

6As opposed to artificially constructed templates.

the dataset can be found in Appendix A.

4.2 Dataset Creation

4.2.1 Template Selection and Person-Words
As mentioned before, we use templates based on
naturally occurring written English text with the
idea that it will allow us to better capture actual
language usage. The template sequences were ex-
tracted from the 2021 version of the enTenTen cor-
pus (Jakubı́ček et al., 2013)7. This is a large web-
scraped corpus built specifically to include only
linguistically valuable text by removing duplicated
and machine-generated content, as well as spam.

We selected sequences containing noun phrases
of the form “a <person-word>”, where the person-
words used are person, woman, and man. The
resulting dataset separates sequences based on the
person-word used, allowing for intersectional anal-
ysis. For each person-word, a random sample of
10K sequences was retrieved using the concor-
dance tool8 and processed to remove context out-
side of sentence boundaries. Out of these 10K
sequences, the 500 shortest were filtered out to mit-
igate effects of sequence length on the final results,
resulting in a total of 9.5K template sequences per
person-word. The final template lengths range from
4 to 56 words9, with a median length of 20 words.

4.2.2 Categories and Descriptors
The dataset is structured around categories of at-
tributes, where each category comes with a set of
attribute descriptors. The descriptors are inserted
into the template sequences to create attribute-
specific versions of each sequence (see Table 3).
As mentioned in the general description, the cur-
rent release of the dataset supports experiments on
reporting bias pertaining to categories Race, Queer-
ness and Disability. More categories and attributes
can easily be added by providing a file with the
desired attributes and descriptors to the dataset cre-
ation script (available on GitHub).

The choice of attributes for each category was
informed by previous work in bias research. Fol-
lowing e.g. Czarnowska et al. (2021), the attributes
relating to Race were based on the Racial and
Ethnic Categories and Definitions for NIH Diver-
sity Programs (National Institutes of Health, 2015)

7https://www.sketchengine.eu/ententen
-english-corpus/

8https://www.sketchengine.eu/guide/co
ncordance-a-tool-to-search-a-corpus/

9Whitespace tokenized.
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which correspond to those used by the U.S. Census
Bureau.10 Different categories can have different
terms with different connotations. For ease of com-
parison and to avoid introducing unreliability from
aggregation methods, only one descriptor per cate-
gory was included. The attributes and descriptors
relating to Queerness were based on Felkner et al.
(2023).11 For comparability, the descriptors “non-
binary”, “lesbian” and “gay” were only used with
person-words “person”, “woman” and “man” re-
spectively. Descriptors relating to Disability were
taken from Hutchinson et al. (2020). Since the lists
of descriptors used in Hutchinson et al. (2020) are
very extensive, we used a smaller subset of one
term per disability category from their list of rec-
ommended phrases. A full list of attributes and
descriptors for each category can be found in Ap-
pendix B.

We recognize that our choice of descriptors is in
no way a complete representation of all the groups
that may be subject to this kind of bias. We encour-
age future work to expand and adapt the lists of
descriptors to better represent their chosen target
groups.

4.3 Usage

The MARB dataset is mainly intended to be used
to analyze the behaviour of off-the-shelf language
models. A metric used to evaluate this should be
chosen with the model’s pretraining task in mind.

Since probability-based metrics are contingent
on the model vocabulary, they are not directly com-
parable between models. Earlier work (e.g. Nangia
et al., 2020; Nadeem et al., 2021; Felkner et al.,
2023) solves this problem by using a contrastive
pairs setup, where each pair consists of one biased
sequence and one unbiased or counterfactual se-
quence. The model’s bias score can then be defined
as the proportion of pairs for which the model is
more likely to predict the biased sequence. How-
ever, this kind of binary approach severely lim-
its the options for analysis as it only allows for

10An important consideration is whether to include in-group
or out-group descriptors. An example of this is “black” and
“Black”. We ultimately decided to use the lower-case version
for the experiments presented in this paper, as it has seen both
in- and out-group adoption over a wider timeframe and is
likely to have been more predominant in the models’ training
data.

11For completeness, we added the descriptor “allosexual” (a
person who is not asexual) as an unmarked attribute contrast-
ing with “asexual”. The descriptor “trans” was also included
in addition to the already present “transgender” to contrast
with “cis” and “cisgender”.

binary characteristics to be evaluated. As noted
by Castillo and Gillborn (2021), grouping rather
than disaggregating disadvantaged groups could
disguise important differences.

MARB is structured around multiple contrast-
ing sequences. We recommend comparing each
marked sequence to a common baseline, such as the
corresponding unmarked template sequence. The
difference between the likelihoods of the marked
and unmarked sequence according to the model can
then be interpreted as the effect of adding that spe-
cific attribute descriptor. This allows for comparing
more than two attributes at a time. The effect per
attribute can be calculated simply as the propor-
tion of examples for which the marked sequence is
more likely than the unmarked, or using a statistic
such as rank-biserial correlation r (Cureton, 1956)
to measure the effect size (see Section 5).

Rather than using a single score to represent the
model’s level of bias, we encourage finer-grained
analyses to better understand the model’s behav-
ior. The structure of MARB allows for compar-
isons along multiple axes, including category, at-
tribute descriptor, person-word, as well as inter-
sectional analyses such as attribute descriptor +
person-word.

5 Experimental Setup

We present two case studies in this Section to illus-
trate the kind of analyses that are possible using
the MARB dataset. In both studies, we measure
the effect of adding the attribute descriptors by
comparing marked sequences (those mentioning
the attribute) to the corresponding unmarked tem-
plate sequences. We focus on one category per
case study in order to simplify analyses and to bet-
ter showcase what can be done with the MARB
dataset. Moreover, it reduces the environmental
impact of our experiments. The first experiment
uses the Race category to study masked language
models. The second experiment uses the Queerness
category to study auto-regressive models.

5.1 Models

We evaluate six pretrained models on MARB. The
masked language models we use for experiment 1
are BERT12 (Devlin et al., 2019), RoBERTa13 (Liu

12https://huggingface.co/google-bert/be
rt-base-uncased

13https://huggingface.co/FacebookAI/ro
berta-base
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et al., 2019), and ALBERT14 (Lan et al., 2020). As
for auto-regressive models, we focus on Mistral15

(Jiang et al., 2023), Llama16 (Touvron et al., 2023),
and Gemma17 (Gemma Team et al., 2024) during
experiment 2. All models are tested off-the-shelf
without any finetuning.

5.2 Metrics

We use perplexity (PPL) as the evaluation metric
for autoregressive models, and pseudo-perplexity
(PPPL) for masked language models. PPL is a
common intrinsic measure of how well an auto-
regressive model fits a corpus of text. PPL(W )
is defined as the exponentiated average negative
log-likelihood of a sequence W :

PPL(W ) = exp

(
− 1

|W |
∑

i≤|W |
P(Wi|W<i)

)

The definition of sequence perplexity is based
on the assumption that we can use the chain rule of
probability to obtain the probability of a sequence
from its constituent tokens. However, the chain rule
does not apply to masked language models where
each token prediction is conditioned on both pre-
vious and subsequent tokens. Salazar et al. (2020)
propose the use of pseudo-perplexity to get around
this issue. They suggest calculating the pseudo-
log-likelihood of a sequence W as the sum of the
conditional log probabilities of each sentence token
given the surrounding tokens. Using that definition
of pseudo-log-likelihood, the pseudo-perplexity of
a sequence W can be calculated as

PPPL(W ) = exp

(
− 1

|W |
∑

i≤|W |
P(Wi|W\i)

)

We compare the PPL/PPPL for each marked se-
quence to its unmarked couterpart to obtain a set
of pairwise differences for each attribute descriptor.
We then perform the Wilcoxon signed-rank test
(Wilcoxon, 1945) on each set of pairwise differ-
ences and measure effect size as the rank-biserial
correlation r (Cureton, 1956). Using a measure

14https://huggingface.co/albert/albert
-base-v2

15https://huggingface.co/mistralai/Mis
tral-7B-v0.1

16https://huggingface.co/meta-llama/Met
a-Llama-3-8B

17https://huggingface.co/google/gemma-7
b

Figure 2: Spread of results over attribute descriptors, per
model and person word. A larger spread means a larger
difference in performance depending on expression. A
higher average means that the model was generally more
surprised to see any attribute in this category mentioned.

based on ordinal ranking rather than raw perplex-
ities allows us to make meaningful comparisons
between models with different vocabularies.

5.3 Experiment 1: Race and Masked
Language Models

In our first case study, we evaluate the masked
language models BERT, RoBERTa and ALBERT
against the Race category of MARB.

We can see the spread of effect sizes per model
and person word in Figure 2 in terms of rank-
biserial correlation r. All results are statistically
significant (p < .01). Moreover, all results are
positive, which means that the sequences including
attribute descriptors produced higher perplexities
than the original, unmodified sequences. Particu-
larly striking is that all three models show a no-
ticeably lower average effect size for the person
word woman. This is a consistent pattern across the
different descriptors, as seen in Figure 3, and it in-
dicates that attribute descriptors pertaining to race
are more expected in descriptions of women than in
descriptions of men. The effect is particularly no-
ticeable with the expression “Asian woman”, which
is a sign of intersectional bias similar to what we
found in the NOW corpus (see Section 3.1).

Conversely, for sequences describing “a person”,
the spread of results tends to be smaller and the
average higher, indicating that mentions of race are
less expected for this person word, regardless of
which specific race attribute is mentioned.

We can see from these results that it is not as
simple as some attributes being mentioned more
often than others. Other attributes (like gender)
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Figure 3: A closer look at the results for person-words “woman” and “man”. In all three models, all racial descriptors
were more expected in sentences about women than in sentences about men, as seen by the lower effect sizes. Note
the larger difference in effect size for the descriptor “Asian”.

Figure 4: Spread of results over attribute descriptors per
model and person word. A larger spread means a larger
difference in performance depending on expression. A
higher average means that the model was generally more
surprised to see any attribute in this category mentioned.

also affect whether or not someone’s race is likely
to be mentioned, regardless of what that race is.

5.4 Experiment 2: Queerness and
Auto-Regressive Language Models

For our second case study, we evaluate the auto-
regressive models Mistral, Llama and Gemma on
the Queerness category of MARB.

As with the first experiment, all effect sizes are
positive, meaning that regardless of attribute, all
models were more surprised to see the descriptor
included. All test results are statistically signif-
icant (p < .01). Figure 4 shows the spread of

results for each model and person word. Just like
in the previous case study, all models show a lower
average effect size of adding attribute descriptors
to sequences describing “a woman” than to those
describing “a man” or “a person”, indicating that
attributes related to queerness are more likely to
be mentioned in descriptions of women than in
descriptions of, for example, men.

Out of the three models considered, Mistral dis-
plays the most noticeable difference. Looking into
the specific descriptors in Figure 5 we notice that
the average effect size is lower for sequences that
mention “a woman” than for either of the other
two person-words save for a couple of corner cases,
namely “LGBTQ” and “heterosexual”. There are
three cases in which the difference is much larger:
“bisexual”, “cisgender”, and “transgender”.

5.5 Discussion

Despite the differences between the two experi-
ments, we see certain trends appear in both. Par-
ticularly noticeable is the aforementioned pattern
where attribute descriptors are more expected in se-
quences describing “a woman” than those describ-
ing “a man” or “a person”. A possible explanation
is that being a woman can be considered a marked
attribute in itself, which adds to the reporting bias
triggered by other marked attributes. Of particular
note is the wider gap in effect size for certain de-
scriptors, such as “Asian”, “bisexual”, “cisgender”,
and “transgender”. There could be several explana-
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Figure 5: Detailed breakdown of results for Mistral by
attribute descriptor. A higher effect size means that the
model was more surprised to see this descriptor included
in the sequences. Note that the descriptors “nonbinary”
and “gay” only combine with the person-words “per-
son” and “man”, respectively, and that the descriptor
“lesbian” appears on its own instead of preceding the
person-word “woman”.

tions for this. For example, the discourse surround-
ing trans people tends to focus on trans and cis
women, often leaving trans men to the side (Bracco
et al., 2024). Another possibility could be how
some of these terms are sexualised or fetishised.
Two widely known cases of this phenomenon are
indeed Asian and trans women (Forbes et al., 2023;
Anzani et al., 2021). These cases illustrate why
intersectionality is important when studying biases,
as focusing on person-words or descriptors alone
would not have yielded these insights.

Another effect that we can see is how public
discourse reflects on whether the models expect
to see certain descriptors or not. As mentioned in
Section 2, most of the online discourse regarding
race tends to focus on the United States, where
race is often seen as a black-white binary (Perea,
1997; Blodgett et al., 2021). Similarly, the language
models are on average less surprised when faced
with these two descriptors than with the other ones
in the Race category regardless of the person-word
used, as seen in Figure 2.

A similar case appears in the Queerness category
with the descriptors “transgender” and “cisgender”.
The topic of trans rights has been at the spotlight
in British and American politics for a while now.
This could explain why neither of the descriptors
in this pair are considered to be more of a default

than the other according to the language models as
seen in Figure 5. Compare this example with the
pair “asexual” and “allosexual”, where they can be
considered to be marked and unmarked attributes,
respectively. Of note however is that this same
pattern does not hold for the descriptors “trans”
and “cis”. A reason for this could be that “trans-
” is also a prefix, which could interact with the
models’ tokenizers. We consider that future work
could delve into these kinds of interactions.

6 Conclusion

In this paper we explore how reporting bias with
regards to marked and marginalized identities mani-
fests in language models. To that end, we create the
MARB dataset: a diagnostic dataset meant to study
the intersection between social bias and reporting
bias via marked and unmarked attributes.

We use MARB to evaluate the out-of-the-box
behavior of six popular language models, and find
that they show signs of reporting bias with regards
to marked attributes, mirroring that found in text
corpora. Particularly noticeable are the intersec-
tional effects of gender in combination with other
attributes, showing that sensitive attributes like race
and queerness are more likely to be mentioned in
descriptions of women.

Our results demonstrate that there is a strong con-
nection between reporting bias and social norms
and attitudes, recommending reporting bias as a
promising direction for future research on social
bias in language models. As a way of quantify-
ing social norms through language, the framework
and methods presented in this paper could also
provide new tools for fields like linguistics and
social science. We encourage future work to con-
tinue investigating the ways in which social norms
manifest in language through reporting bias using
the framework presented here, and to extend the
MARB dataset to cover more categories and at-
tribute descriptors.

7 Limitations

When working in text-only settings there is no
straightforward way to connect linguistic expres-
sions to real-life demographic groups and lived
experiences. Multiple expressions often exist refer-
ring to the same demographic group, which may be
used by different people and carry different conno-
tations. For example, members of a certain group
may use one expression to describe themselves
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while out-group members use different terms. Con-
versely, there is often a lack of established terms
describing normative attributes, such as not hav-
ing a disability (Wojahn et al., 2024). The specific
choices of attribute descriptors used in MARB are
likely to have some effect on the results (Antoniak
and Mimno, 2021). We encourage future work to
explore the effects of using different descriptors.

Another limitation is that PPL and PPPL are
both affected by factors like sequence length and
model vocabulary. The MARB dataset was created
through adding descriptors to referring expressions,
thus modifying the sequence length. While the
effects of changing the sequence length are some-
what mitigated by removing the shortest template
sequences (see Section 4), they cannot be com-
pletely eliminated. We encourage future work to
explore using MARB with other metrics that are
less reliant on sequence length and model vocabu-
lary.

8 Ethical Considerations

This work deals with language categorizing people
based on sensitive attributes such as race, gender
identity and sexuality. We recognize that this is a
sensitive topic, and that care must be taken not to
oversimplify complex real-world power structures
or to confuse real-life demographic groups with
the words used to describe them. As mentioned
in Section 7, there are often many ways to refer
to a specific social group, and they carry different
connotations and underlying assumptions. While
the US census categories are widely used in previ-
ous research on bias (e.g. Czarnowska et al., 2021),
they are known to correspond badly both to how
people identify themselves, and how they are seen
by others (Gupta, 2020; Tan, 2022).

Similarly, Hutchinson et al. (2020) note that both
terminology and ontological definitions relating to
disability are contested, and there is great variation
in the language used both by in-group and out-
group members. The attribute descriptors included
in MARB should be seen as a sample rather than a
comprehensive list of the language used to refer to
these groups. For future work, we encourage col-
laboration with researchers in fields like disability
studies, as well as with the communities in question
to ensure that the descriptors used are grounded in
real-world usage and the lived experiences of these
groups.
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A Detailed Breakdown of the Dataset

In this appendix we do a breakdown of the number of examples per attribute and per person word. These
are included in Table 4.

Category Attribute Number of sequences

Person Woman Man Total

Race

Asian 9500 9500 9500 28500
Black 9500 9500 9500 28500
black 9500 9500 9500 28500
Hispanic 9500 9500 9500 28500
Native American 9500 9500 9500 28500
Native Hawaiian 9500 9500 9500 28500
white 9500 9500 9500 28500

Disability

deaf 9500 9500 9500 28500
blind 9500 9500 9500 28500
with a disability 9500 9500 9500 28500
in a wheelchair 9500 9500 9500 28500
with cerebral palsy 9500 9500 9500 28500
with a mental illness 9500 9500 9500 28500
with epilepsy 9500 9500 9500 28500
with spinal curvature 9500 9500 9500 28500
chronically ill 9500 9500 9500 28500
short-statured 9500 9500 9500 28500
with dyslexia 9500 9500 9500 28500
with Down’s syndrome 9500 9500 9500 28500
without a disability 9500 9500 9500 28500

Queerness

asexual 9500 9500 9500 28500
allosexual 9500 9500 9500 28500
bisexual 9500 9500 9500 28500
cis 9500 9500 9500 28500
cisgender 9500 9500 9500 28500
gay - - 9500 9500
heterosexual 9500 9500 9500 28500
LGBTQ 9500 9500 9500 28500
lesbian - 9500 - 9500
nonbinary 9500 - - 9500
pansexual 9500 9500 9500 28500
queer 9500 9500 9500 28500
straight 9500 9500 9500 28500
transgender 9500 9500 9500 28500
trans 9500 9500 9500 28500

Total: 313500 313500 313500 940500

Table 4: Breakdowns of the categories, attributes, and number of example sequences per attribute and person word.
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B List of Attribute Descriptors

In this appendix we include the attribute descriptors that we used for the different categories. Table 7
includes the terms for the Disability category, Table 5 includes those for the Queerness category, and
Table 6 includes those for the Race category.

Queerness
phrase person woman man

asexual an asexual person an asexual woman an asexual man
allosexual an allosexual person an allosexual woman an allosexual man
bisexual a bisexual person a bisexual woman a bisexual man
cis a cis person a cis woman a cis man
cisgender a cisgender person a cisgender woman a cisgender man
gay - - a gay man
heterosexual a heterosexual person a heterosexual woman a heterosexual man
LGBTQ an LGBTQ person an LGBTQ woman an LGBTQ man
lesbian - a lesbian -
nonbinary a nonbinary person - -
pansexual a pansexual person a pansexual woman a pansexual man
queer a queer person a queer woman a queer man
straight a straight person a straight woman a straight man
transgender a transgender person a transgender woman a transgender man
trans a trans person a trans woman a trans man

Table 5: List of descriptors for the Queerness category. The columns show how the descriptors are used with each
person word.

Race
phrase

Asian an Asian person
Black a Black person
black a black person
Hispanic a Hispanic person
Native Hawaiian a Native Hawaiian person
white a white person
Native American a Native American person

Table 6: List of descriptors for the Race category. The descriptors are used in the same way for all person words.
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Disability
phrase

deaf a deaf person
blind a blind person
with a disability a person with a disability
in a wheelchair a person in a wheelchair
with cerebral palsy a person with cerebral palsy
with a mental illness a person with a mental illness
with epilepsy a person with epilepsy
with spinal curvature a person with spinal curvature
chronically ill a chronically ill person
short-statured a short-statured person
with dyslexia a person with dyslexia
with Down’s syndrome a person with Down’s syndrome
without a disability a person without a disability

Table 7: List of descriptors for the Disability category. The descriptors are used in the same way for all person
words.
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C Numerical Results

This appendix contains the detailed results from Section 5. Table 8 contains the results for Experiment 1
as detailed in Section 5.3. Meanwhile, Table 9 contains the results for Experiment 2 as detailed in Section
5.4. The values presented in these tables are in terms of effect size as described in Section 5.2.

model phrase a person a woman a man total

bert-base-uncased

Asian 0.88 0.68 0.88 0.83
Black 0.78 0.70 0.72 0.74
black 0.78 0.70 0.72 0.74
Hispanic 0.94 0.90 0.96 0.93
white 0.77 0.67 0.66 0.71

albert-base-v2

Asian 0.88 0.58 0.80 0.77
Black 0.84 0.55 0.70 0.71
black 0.84 0.55 0.70 0.71
Hispanic 0.95 0.83 0.94 0.91
white 0.88 0.56 0.71 0.73

roberta-base

Asian 0.87 0.72 0.90 0.84
Black 0.90 0.86 0.92 0.89
black 0.81 0.62 0.71 0.72
Hispanic 0.94 0.93 0.97 0.95
white 0.78 0.68 0.72 0.74

Table 8: Full results for experiment 1 — Race and masked models. These results are in terms of rank-biserial
correlation r. Higher values mean that the attribute is less expected by the model in that context.
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model phrase a person a woman a man total

Mistral-7B-v0.1

asexual 0.73 0.66 0.81 0.74
allosexual 1.00 1.00 1.00 1.00
bisexual 0.70 0.32 0.62 0.56
cis 0.98 0.90 0.96 0.95
cisgender 0.80 0.56 0.81 0.74
gay - - 0.95 0.95
heterosexual 0.94 0.84 0.89 0.90
LGBTQ 0.93 0.98 0.99 0.97
lesbian - 0.89 - 0.89
nonbinary 0.96 - - 0.96
pansexual 0.88 0.79 0.90 0.86
queer 0.91 0.86 0.94 0.91
straight 1.00 0.99 0.98 0.99
transgender 0.80 0.62 0.92 0.80
trans 0.99 0.97 1.00 0.99

Meta-Llama-3.1-8B

asexual 0.95 0.95 0.97 0.96
allosexual 0.78 0.74 0.83 0.78
bisexual 1.00 0.99 1.00 1.00
cis 1.00 1.00 1.00 1.00
cisgender 0.97 0.92 0.97 0.96
gay - - 0.94 0.94
heterosexual 1.00 0.99 0.99 1.00
LGBTQ 1.00 1.00 1.00 1.00
lesbian - 1.00 - 1.00
nonbinary 0.95 - - 0.95
pansexual 0.98 0.97 0.99 0.98
queer 1.00 0.99 1.00 1.00
straight 1.00 0.99 0.98 0.99
transgender 0.99 0.96 0.99 0.98
trans 1.00 0.96 1.00 0.99

gemma-7b

asexual 1.00 1.00 1.00 1.00
allosexual 1.00 1.00 1.00 1.00
bisexual 1.00 0.99 0.99 0.99
cis 1.00 0.99 1.00 1.00
cisgender 0.96 0.88 0.95 0.93
gay - - 0.94 0.94
heterosexual 0.99 0.99 0.99 0.99
LGBTQ 1.00 1.00 1.00 1.00
lesbian - 1.00 - 1.00
nonbinary 0.94 - - 0.94
pansexual 0.97 0.96 0.98 0.97
queer 0.99 0.98 0.99 0.99
straight 1.00 1.00 0.98 0.99
transgender 0.97 0.94 0.99 0.97
trans 0.98 0.96 0.99 0.98

Table 9: Full results for experiment 2 — Queerness and generative models. These results are in terms of rank-biserial
correlation r. Higher values mean that the attribute is less expected by the model in that context.
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