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Message from the Organisation Committee

This volume contains the proceedings of the Fifth Workshop on Gender Bias in Natural Language Proces-
sing held in conjunction with the 62nd Annual Meeting of the Association for Computational Linguistics
(ACL 2024). This year, the organizing committee underwent changes in membership, with Christine
Basta and Marta R. Costa-jussa extending a warm welcome to Agnieszka Faleriska, Seraphina Goldfarb-
Tarrant, and Debora Nozza as new co-organizers. We greatly appreciate the invaluable insights and
expertise they contribute to our team.

This year, the workshop received 36 submissions of technical papers, of which 26 were accepted (20 long,
5 short, and one non-archival), for an acceptance rate of 72%. We are pleased to report a slight increase
in submissions compared to the previous editions over the last three years. This year, we received 36
papers, compared to 33 in the last edition and around 19 in the three years before. Once more, we thank
the Programme Committee members, who provided extremely valuable reviews in terms of technical
content and bias statements, for the high-quality selection of research works. We want to extend our deep
gratitude to the individuals who played pivotal roles in assisting us in conducting a highly successful
workshop in person: Jasmijn Bastings, Agostina Calabrese, and Amanda Cercas Curry.

The accepted papers represent a broad spectrum of Natural Language Processing (NLP) research areas.
They explore key NLP tasks, including language modeling and generation, machine translation, relation
extraction, hate speech detection, fake news identification, sentiment analysis, and authorship profi-
ling. Novel approaches to bias analysis and debiasing methods are introduced. Additionally, compelling
studies are presented on underrepresented languages such as Turkish, Bangla, Hindi, and Norwegian.
Several research studies have been conducted to study gender inclusivity in NLP, showing important
developments in this area.

This year, the workshop featured a Shared Task on Machine Translation Gender Bias Evaluation with
Multilingual Holistic Bias. This task allows for investigating the quality of Machine Translation systems
in the specific cases of gender specification, gender robustness and unambiguous gender.

Finally, the workshop will feature two distinguished keynote speakers: Isabelle Augenstein, University
of Copenhagen, and Hal Daumé I1I, University of Maryland and Microsoft Research NYC.

We are very pleased to keep the high interest that this workshop has generated over the last four editions,
and we look forward to an enriching discussion on how to address gender bias in NLP when we meet in
a hybrid event on August 16th, 2024!

August 2024
Christine Basta, Marta R. Costa-jussa, Agnieszka Faleriska, Seraphina Goldfarb-Tarrant,
Debora Nozza
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Keynote Talk
Gender, Stereotypes, and Harms

Hal Daumé 11T
University of Maryland and Microsoft Research NYC

Abstract: Gender is expressed and performed in a plethora of ways in the world, and reflected in com-
plex, interconnected ways in language. I’'ll discuss recent and ongoing work measuring how modern NLP
models encode (some of) these expressions of gender, how those encoding reflect cultural stereotypes
(and whose cultural stereotypes), and how that impacts people using these models. This will reflect joint
work with a number of collaborators including students Haozhe An, Connor Baumler, Yang Trista Cao,
Eve Fleisig, Amanda Liu, and Anna Sotnikova.

Bio: Hal Daumé is a Volpi-Cupal endowed Professor of Computer Science and Language Science at the
University of Maryland, where he leads TRAILS, an NSF & NIST-funded institute on Trustworthy Al;
he is also a Senior Principal Researcher at Microsoft Research NYC. His research focus is on developing
natural language processing systems that interact naturally with people, promote their self-efficacy, while
mitigating societal harms. Together with his students and colleagues, he has received several awards,
including best paper at AACL 2022, ACL 2018, NAACL 2016, CEAS 2011 and ECML 2009, test of
time award at ACL 2022 (and nomination at ACL 2017), and best demo at NeurIPS 2015. He has been
program chair for ICML 2020 (together with Aarti Singh) and for NAACL 2013 (together with Katrin
Kirchhoff), and he was an inaugural diversity and inclusion co-chair at NeurIPS 2018 (with Katherine
Heller). When not sciencing and teaching, he spends most of his time climbing, yogaing, cooking,
backpacking, skiing, and biking.



Keynote Talk
Quantifying societal biases towards entities

Isabelle Augenstein
University of Copenhagen

Abstract: Language is known to be influenced by the gender of the speaker and the referent, a phenome-
non that has received much attention in sociolinguistics. This can lead to harmful societal biases, such
as gender bias, the tendency to make assumptions based on gender rather than objective factors. Moreo-
ver, these biases are then picked up on by language models and perpetuated to models for downstream
NLP tasks. Most research on quantifying these biases emerging in text and in language models has used
artificial probing templates imposing fixed sentence constructions, been conducted for English, and has
ignored biases beyond gender including inter-sectional aspects ones. In our work, we by contrast focus on
detecting biases towards specific entities, and adopt a cross-lingual inter-sectional approach. This allows
for studying more complex interdependencies, such as the relationship between a politician’s origin and
language of the analysed text, or relationships between gender and racial bias.

Bio: Isabelle Augenstein is a Professor at the University of Copenhagen, Department of Computer Scien-
ce, where she heads the Copenhagen Natural Language Understanding research group as well as the Na-
tural Language Processing section. Her main research interests are fair and accountable NLP, including
challenges such as explainability, factuality and bias detection. Prior to starting a faculty position, she
was a postdoctoral researcher at University College London, and before that a PhD student at the Uni-
versity of Sheffield. In October 2022, Isabelle Augenstein became Denmark’s youngest ever female full
professor. She currently holds a prestigious ERC Starting Grant on ‘Explainable and Robust Automatic
Fact Checking’, as well as the Danish equivalent of that, a DFF Sapere Aude Research Leader fellowship
on ‘Learning to Explain Attitudes on Social Media’. She is a member of the Royal Danish Academy of
Sciences and Letters, and President of SIGDAT, which organises the EMNLP conference series.
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A Parameter-Efficient Multi-Objective Approach to Mitigate Stereotypical
Bias in Language Models

Yifan Wang??

Abstract

Pre-trained language models have shown im-
pressive abilities of understanding and gener-
ating natural languages. However, they typ-
ically inherit undesired human-like bias and
stereotypes from training data, which raises
concerns about putting these models into use
in real-world scenarios. Although prior re-
search has proposed to reduce bias using dif-
ferent fairness objectives, they usually fail to
capture different representations of bias and,
therefore, struggle with fully debiasing models.
In this work, we introduce a multi-objective
probability alignment approach to overcome
current challenges by incorporating multiple
debiasing losses to locate and penalize bias in
different forms. Compared to existing meth-
ods, our proposed method can more effec-
tively and comprehensively reduce stereotyp-
ical bias, and maintains the language ability
of pre-trained models at the same time. Be-
sides, we adopt prefix-tuning to optimize fair-
ness objectives, and results show that it can
achieve better bias removal than full fine-tuning
while requiring much fewer computational re-
sources. Our code and data are available at
https://github.com/Ewanwong/debias_NLG.

1 Introduction

Language models (LMs) pre-trained on large-scale
self-supervised datasets have shown impressive
capacities in various natural language processing
(NLP) tasks (Peters et al., 2018; Devlin et al., 2019;
Radford et al., 2018; Liu et al., 2019; Lan et al.,
2020). In particular, pre-trained generative LMs,
e.g., GPT-2 (Radford et al., 2019), GPT-3 (Brown
et al., 2020), OPT (Zhang et al., 2022) and GPT-4
(OpenAl, 2023), have gained great attention from
both academic communities and non-expert users,
due to their remarkable instruction-following and
zero-shot task adaptation abilities (Brown et al.,
2020; OpenAl, 2023; Wei et al., 2022).

Despite their remarkable achievements and great

Vera Demberg!??
! Department of Computer Science
2 Department of Language Science and Technology
3 Saarland Informatics Campus, Saarland University, Germany
{yifwang,veral}@lst.uni-saarland.de
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practical values, potential ethical risks cannot be
neglected. Since these pre-trained LMs are mostly
trained on online datasets, their training data is
likely to contain undesired patterns including toxic
speech and social biases (Zhao et al., 2019; Tan and
Celis, 2019). Numerous experiments have revealed
that LMs trained in these datasets also demonstrate
similar social biases, raising concerns that they
could amplify biases and discrimination against dis-
advantaged demographics (Zhao et al., 2019; May
et al., 2019; Tan and Celis, 2019; Bommasani et al.,
2020; Guo and Caliskan, 2021; Kurita et al., 2019;
Brown et al., 2020; Sheng et al., 2019; Yeo and
Chen, 2020). Recently, several methods for reduc-
ing stereotypical biases have been proposed (Barik-
eri et al., 2021; Bommasani et al., 2020; Kaneko
and Bollegala, 2021). However, most methods ne-
glect the fact that bias can be represented in various
forms in LMs. For example, LMs can violate equal
social group associations by predicting different oc-
cupations for male and female genders, or violate
equal neutral neutral associations by believing that
criminals are more likely to be people of color (Gal-
legos et al., 2023). In addition, biased LMs gen-
erate sentences containing higher-level disparity,
such as sentiment (Huang et al., 2020) and regard
(Sheng et al., 2019) for different demographics,
demonstrating global bias (Liang et al., 2021). As
a result, methods targeting only one specific form
of bias can lead to incomplete bias removal and
unsatisfactory debiasing performance.

Besides, the increasing scale of pre-trained LMs
boosts the design and application of parameter-
efficient fine-tuning methods (Houlsby et al., 2019;
Lester et al., 2021; Li and Liang, 2021; Hu et al.,
2022). Unfortunately, relatively little work has
been devoted to studying parameter-efficient meth-
ods in the field of bias mitigation (Lauscher et al.,
2021; Gira et al., 2022; Xie and Lukasiewicz,
2023). In this work, we also aim to further explore
lightweight debiasing techniques using parameter-

Proceedings of the 5th Workshop on Gender Bias in Natural Language Processing (GeBNLP), pages 1-19
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efficient fine-tuning methods.
The main contribution of this work includes:

1. We refine and integrate existing probabilistic
alignment debiasing approaches to simulta-
neously address multiple forms of bias rep-
resentation, employing a parameter-efficient
prefix-tuning technique for implementation.

2. We empirically demonstrate the effectiveness
of our method on diverse intrinsic and extrin-
sic bias evaluation benchmarks and compared
it with existing debiasing techniques.

3. We thoroughly analyze our parameter-efficient
debiasing framework and show that it can
achieve better bias mitigation performance
and parameter efficiency than full fine-tuning.
Additionally, our method is effective in reduc-
ing bias in large LMs.

2 Bias Statement

In this work, we mainly address stereotypical bias,
with binary gender bias as an example'. We de-
fine stereotypical bias as an overgeneralized belief
about a particular group of people that can hurt
target groups (Nadeem et al., 2021). "Women are
bad drivers" and "Asians are good at math", for
instance, are gender and racial stereotypical biases.
Generative LMs can also contain such bias. For
example, "doctor" can receive a higher probability
when conditioned on "he worked as a [BLANK]"
than "she worked as a [BLANK]" (Liang et al.,
2021). Unlike discrimination, stereotypical bias is
more implicit and thus can cause both representa-
tional and allocational harms (Blodgett et al., 2020)
to target groups without them being aware of it. As
is commonly seen in our society, boys and girls
are encouraged to engage in different activities and
expected to possess different characteristics during
their childhood, and those gender-related expecta-
tions might affect their future academic success and
career choices (Olsson and Martiny, 2018). Since
people are increasingly turning to LLMs for advice
giving or decision making, reducing stereotypical
bias in LLMs is of practical relevance.

3 Related Work

Bias in NLP systems Stereotypical bias can man-
ifest itself in different forms in LMs (Gallegos et al.,
'We recognize that gender is non-binary and in Section 4.2

we formulate our training objective in a way that can handle
non-binary gender bias as well.

2023). Geometric relationships in model represen-
tations, for example, can encode stereotypical asso-
ciations between genders and occupations (Boluk-
basi et al., 2016; Caliskan et al., 2017; Zhao et al.,
2019; May et al., 2019; Tan and Celis, 2019; Bom-
masani et al., 2020). Bias is also indicated by vari-
ous divergence of probabilities from LMs. Kurita
et al. (2019) and Brown et al. (2020) observed dif-
ferent probabilities predicted by both masked LMs
and generative LMs for male and female genders
given stereotypical attributes; Liang et al. (2021)
identified local bias as different next token probabil-
ity distributions conditioned on same contexts with
only social group swapped; Barikeri et al. (2021)
additionally considered difference in probabilities
assigned to whole sentence pairs which are mini-
mally different in social groups, which corresponds
to global bias defined in Liang et al. (2021). Bias
can also be observed as disparity in model genera-
tion (Sheng et al., 2019; Yeo and Chen, 2020) and
performance in downstream tasks, such as toxicity
detection (Sap et al., 2022) and coreference resolu-
tion (Kurita et al., 2019). In this work, we mainly
mitigate bias reflected by divergent probability dis-
tributions predicted by LMs.

Mitigating bias in pre-trained LMs While
many studies aimed to train fair LMs from scratch
by constructing fairer datasets (Zhao et al., 2019;
Zmigrod et al., 2019), it can be computationally ex-
pensive and not always feasible in practice. As
a result, much effort has been put into mitigat-
ing bias from pre-trained LMs via debiasing fine-
tuning. Kaneko and Bollegala (2021) extended
projection-based methods from static word em-
beddings (Bolukbasi et al., 2016) and fine-tuned
models to output orthogonal contextualized repre-
sentations for gendered and stereotypical words.
However, Gonen and Goldberg (2019) argued that
projection-based methods did not completely cap-
ture and remove bias. Other experiments involved
introducing fairness regularization operating on
probability level. Qian et al. (2019) and Garimella
et al. (2021) proposed equalizing losses to assign
similar probabilities to male and female words, and
Guo et al. (2022) aligned the distributions of neu-
tral words given the same prompts with different
demographic groups. However, as bias can have
different notions and forms in LMs (Kaneko and
Bollegala, 2019; Gallegos et al., 2023), failure of
existing studies to address multiple forms of bias
can lead to suboptimal debiasing results, especially
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Figure 1: An overview of our proposed method. Given target and attribute words, we first collect training data from
natural language datasets. Then a debiasing prefix is trained by discouraging pre-trained models from making unfair

predictions with respect to genders.

when they are evaluated on different benchmarks.
To overcome these limitations, in this work we will
explore simultaneously mitigating multiple bias
representations in LMs. Barikeri et al.’s (2021)
work is the most similar to ours in adopting multi-
ple fairness objectives, but their method focused on
bias as geometrical relations between words, while
ours more explicitly aligns the model predictions
for different demographics.

Parameter-efficient fine-tuning As pre-trained
LMs are growing ever larger (Brown et al., 2020;
Zhang et al., 2022; Raffel et al., 2020; OpenAl,
2023), fine-tuning the whole model is also becom-
ing impractical due to high computational costs.
Consequently, tuning only a small proportion of
model parameters, namely parameter-efficient fine-
tuning, is gaining popularity. Houlsby et al. (2019)
proposed adapter tuning that inserted and tuned
adapter modules on downstream tasks with other
model parameters fixed. Lester et al. (2021); Li
and Liang (2021) experimented with training con-
tinuous prompts to adapt LMs to new domains.
Low-rank adaptation (LoRA) represented parame-
ter updates using low-rank matrices and efficiently
updated them during fine-tuning (Hu et al., 2022).
Empirical results showed these parameter-efficient
fine-tuning methods can obtain competitive perfor-
mance compared to full fine-tuning while requiring
much fewer computational resources.
Parameter-efficient fine-tuning approaches have
also been applied to debias pre-trained LMs.
Lauscher et al. (2021) adopted an adapter mod-
ule to update pre-trained LMs on a fair dataset.
Sheng et al. (2020) learned discrete prompts to in-

duce or reduce gender bias in generative LMs. Gira
et al. (2022) experimented with only fine-tuning a
small proportion of model parameters on gender-
fair datasets. ADEPT (Yang et al., 2023) applied
prefix-tuning to debias BERT with a manifold learn-
ing loss. Guo et al. (2022) and Li et al. (2023) both
searched prefixes to construct adversarial training
data. Recently, Xie and Lukasiewicz (2023) em-
pirically evaluated various parameter-efficient de-
biasing methods and showed promising results. In
this work, we focus on prefix-tuning (Li and Liang,
2021) to demonstrate the efficacy of parameter-
efficient fine-tuning for multi-objective debiasing,
as it avoids the inference overhead and complex
hyperparameter selection present in adapter tuning
and LoRA.

4 Debiasing LMs by Multi-Objective
Probability Alignment

In this section, we present our method which si-
multaneously mitigates different forms of gen-
der bias in LMs via probability alignment. Be-
sides, our method updates LMs using prefix-tuning,
which leads to more efficient model debiasing. An
overview of our pipeline is shown in Figure 1.

4.1 Task Formulation

Following previous work (Caliskan et al., 2017;
Guo et al., 2022), we first define the target and
attribute words: Target words are paired words re-
lated to demographic groups that can define a bias
direction (e.g., female-male, she-he), and attribute
words are gender-neutral words yet containing
stereotypical associations with certain target groups
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(e.g., “programmer”, “technology”). In the follow-
ing parts of the work, we use a set of m-tuples C' =

1 2 m 1 2 m
{(Cg)&g),---,Cg )),(cg),cg),.. cg )),...} to
denote target words and W = {wi,wy,...}

to denote attribute words. A set of sentences
containing at least one target word in C' and
one attribute word in W can then be collected
from natural language datasets. After apply-
ing counterfactual data augmentation (Zhao
et al., 2019; Zmigrod et al., 2019) by replacing
target words with their opposite gender counter-
parts, we can obtain our training dataset S =
{(s ) sg ), ...,sgm)) (s gl),sé ), ...,sgm)), ..} As
we address binary gender bias in this work, m = 2
and C and S are sets of two-tuples. We omit
subscripts of C' and S when there is no ambiguity.

In this work, we mainly explore debiasing gen-
erative LMs using prefix-tuning, that is, learning
a task-specific continuous prompt to steer model
generation without varying pre-trained parameters.
Assume that we have a pre-trained decoder-only
model parameterized by ¢. In prefix-tuning, we
introduce a small set of trainable parameters Py
that we call the "prefix". They are essential a set of
key and value pairs of each token in an imaginary
continuous prompt, which can affect generation
when following tokens attend to it. During train-
ing, ¢ is frozen and only Py is optimized against
designed objectives. For further details please re-
fer to Li and Liang (2021). We also adopt the
re-parameterization method in their work for stable
training.

With these concepts defined, the task can be
formulated as: given attribute words W, target
words C, dataset S and a pre-trained generative
model LMy, train a prefix Py that mitigates differ-
ent forms of stereotypical gender bias in the model.

4.2 Debiasing Objectives

After collecting training data S, we can then debias
LMy by learning Py. In our proposed method, we
introduce multiple fairness objectives, correspond-
ing to different types of bias we aim to reduce.
Specifically, Py is learned by minimizing the fol-
lowing debiasing losses:

Language Modeling Loss As previous work
pointed out, bias in pre-trained models can be at-
tributed to the selection and amplification biases
in imbalanced training data (Zhao et al., 2019; Tan
and Celis, 2019; Shah et al., 2020), thus tuning
the model on counterfactually augmented data can

mitigate stereotypical associations and reduce bias
(Zhao et al., 2019; Zmigrod et al., 2019). Here we
optimize the prefix matrix to minimize language
modeling loss (L), which is the negative log-
likelihood (NLL) loss on S

1
Loy = —EZOQ(PMX’P@))

RS

1
— —m Z log(Py(Xi| X <i; Pp))

Neutralization Loss To further dissociate tar-
get and attribute concepts, we then introduce neu-
tralization loss (L., ) to inform models where to
find the bias. Neutralization loss is intended to
achieve equal social group association that a neu-
tral word should be equally likely given its con-
text regardless of social groups (Gallegos et al.,
2023). We borrow the approach from Auto-Debias
(Guo et al., 2022) to penalize Jenson-Shannon di-
vergence (JSD) between predicted next token dis-
tributions conditioned on paired contexts:

Lyew = JSD(pl,pg)

p1L+p
> KLD(pi|| =5
ie{1,2}

where p; and p, are normalized probability distri-
butions over W given original and counterfactu-
ally augmented contexts in S. Unlike Auto-Debias
which minimized JSD on non-sensible prompts,
we apply neutralization loss to natural language
sentences, believing this can better maintain the
language ability of models.

Equalizing Loss Another type of fairness we aim
to achieve is equal neutral association, namely tar-
get words in the same tuple should be equally likely
in a neutral context. Qian et al. (2019) proposed
to penalize the predicted probability difference by

Leg ‘C| Z'C‘ llog® oo (2);\ However, it can be
eas11y observed that this loss is too coarse-grained
in that it should not penalize positions where gen-
dered information is present in the context. For
example, in the sentence “The little girl is actually
a famous [actress/actor].”, equalizing the probabil-
ities of “actress” and “actor” hurts the language
modeling capacity. Therefore, some modifications
are made to the equalizing loss in our approach:
Firstly, we introduce a simple yet effective
vocabulary-based data selection process: we only



penalize equalizing loss when there is at least one
attribute word and no target word ahead of the
current position. By filtering out positions with
gendered context, we ensure that we are not penal-
izing reasonable predictions from the model, and
keeping at least one attribute word in the context
can better dissociate target and attribute concepts.

Secondly, instead of using the loss from Qian
et al. (2019), we re-formulate equalizing loss as
the KL-divergence between predicted probability
distribution within a target word pair and a uniform
distribution. This loss, denoted as L.y ¢ok, is shown
below:

IC|
1
Leq_tok = m E KLD(QHPZ)
i

where p; is the normalized probability distribution
1 (2

in (¢; 7, ¢;”’) and ¢ is a binary uniform distribution
q(cgl)) = q(cl(?)) = 3, encoding our prior belief

that both binary genders should be equally likely
given the same context.

The advantages of KLD over the original equal-
izing loss are two-fold: firstly, measuring KLD can
be easily extended to multi-class debiasing tasks
by replacing the target distribution ¢ with an n-
class uniform distribution. Secondly, it allows us
the flexibility of introducing desired target distribu-
tions other than uniform distributions.

Finally, Liang et al. (2021) categorized bias in
LMs into local bias and global bias, and our token-
level equalizing loss L, o, can only capture lo-
cal bias. However, some stereotypical bias is not
represented by single tokens, but spans multiple
words or phrases. To mitigate such global bias, we
introduce sequence-level equalizing 10ss Leg seq
to penalize differences in probabilities assigned
to sentence pairs in S. For the same reasons de-
scribed above, Leg seq 18 also defined as KLD be-
tween normalized probability distribution within
each sentence pair and a uniform distribution.

Leq_seq = KLD(QHP)

where p is the normalized probability distribution
in a sentence pair (s(1), s(2)) in S and ¢ is a binary
uniform distribution ¢(s(V) = ¢(s?) = 1.
Combining all loss functions described above,
we set our final training objective as a weighted
sum of these losses, hoping this multi-objective ap-

proach can more comprehensively address different

forms of bias in LMs:
L= O41LLM + a2Lneu + O43Leq_tok + a4Leq_seq

We then train a prefix matrix Py to minimize the
overall loss L on the training data S.

S Experiments

We evaluate our approach’s performance of mitigat-
ing stereotypical bias in a GPT-2 small model on
multiple benchmarks and compare its performance
to various existing debiasing methods.

Benchmark methods Benchmark methods we
consider fall into the following categories depend-
ing on which stages they are applied to:

* Pre-training: CDA (Zhao et al., 2019; Zmi-
grod et al., 2019; Lu et al., 2020) is a com-
monly used data augmentation method that
augments the original biased dataset with syn-
thetic gender-swapped sentences for fairer
model pre-training. Dropout dissociates at-
tributes and targets by increasing dropout rate
in model pre-training (Webster et al., 2020).

* Fine-tuning: Here we extend the concept of
fine-tuning to include both full fine-tuning
and parameter-efficient fine-tuning. Context-
Debias (Kaneko and Bollegala, 2021) is
a projection-based full fine-tuning method
that encourages models to encode attribute
and target words orthogonally to each other.
Controllable-Bias (Sheng et al., 2020) miti-
gates bias by learning a discrete prompt that
reduces negative regards for both genders.

* Post-hoc: Iterative null-space projection
(INLP) (Ravfogel et al., 2020) trains a set of
linear classifiers to predict genders from em-
beddings and then projects embeddings to the
null-space of learned classifiers. Self-Debias
(Schick et al., 2021) adjusts next token proba-
bilities at each step according to model’s pre-
diction to what extent the next token is biased.

As baselines, we also report the performance of
vanilla GPT-2 and GPT-2 with randomly initialized
prefix.

Dataset In our experiment, we collected sen-
tences with at least one attribute and one target
word from the News-Commentary V15 dataset and



obtained our training data of 13995 sentence pair af-
ter counterfactual data augmentation. As for bench-
mark methods, we follow settings from Meade
et al. (2022) that pre-training methods (CDA and
Dropout) use Wikipedia-10 dump for continued
pre-training and INLP uses Wikipedia-2.5 dump to
learn linear classifiers.

Bias Word List We use the same target word list
as in Zhao et al. (2018b) and combine word lists
in Kaneko and Bollegala (2019) and the SemBias
dataset Zhao et al. (2018b) as attribute word list. In
the end, we have a target word list C' of 222 pairs
and an attribute word list W of 209 words. The
two lists are provided in Appendix A. For a fair
comparison, CDA, INLP and Context-Debias are
also trained using the same bias word lists.

Evaluation Metrics We adopt various different
metrics to comprehensively evaluate the perfor-
mance of our approach and benchmark methods.

* CrowS-Pairs: CrowS-Pairs (Nangia et al.,
2020) consists of pairs of minimally dis-
tant sentences, with one sentence express-
ing stereotype while the other being anti-
stereotypical. Stereotypical bias of a model
is evaluated as the frequency that it assigns
higher probability to stereotypical sentences
than anti-stereotypical ones. Ideally, a fully-
debiased model should have a score of 50.

* StereoSet: Each example in StereoSet
(Nadeem et al., 2021) contains a context and
three options: stereotype, anti-stereotype and
unrelated. Stereotype score (SS) is com-
puted similarly to CrowS-Pairs as how of-
ten model prefers stereotypical options. Be-
sides, language modeling score (LMS) mea-
sures how often related options (stereotype
or anti-stereotype) rank higher than unrelated
options. Finally, idealized context associa-
tion test (ICAT) score combines SS and LMS.
Higher ICAT indicates a better balance be-
tween bias reduction and language modeling
ability preservation. In our experiment we
use both intra- and intersentence subsets of
StereoSet, which are fill-in-the blank and next
sentence prediction tasks respectively.

 Perplexity: In addition to LMS in StereoSet,
we also measure models’ perplexity on 10%
of WikiText-2 dataset to reflect their language
modeling ability. Lower perplexity indicates

the language ability of pre-trained models is
better maintained after debiasing.

* Regard: As the principal application of gen-
erative LMs is to produce natural language
texts, we also study bias in generation by com-
paring regard polarity distributions of samples
generated by models. We generate 50 sam-
ples based on every one of the ten context
templates from Sheng et al.’s (2020) work
for each gender. Then the regard of all 1000
samples is predicted by a pre-trained classi-
fier to determine whether the distributions for
male and female samples are different. To
quantitatively measure the effects of debias-
ing techniques, we compute regard difference
and regard shift as the absolute difference be-
tween male and female distributions and be-
tween a debiased model and vanilla GPT-2 dis-
tributions. Higher regard difference implies
bias and higher regard shift means a debiasing
technique disturbs inherent distribution of pre-
trained LMs. We provide all context templates
we use in Appendix B.

For CrowS-Pairs, perplexity and intrasentence
task of StereoSet, we adopt the implementation
from Meade et al. (2022)%. We implement intersen-
tence task by ourselves. The pre-trained classifier
used in regard experiments is from Sheng et al.
(2020)°.

Experiment Setting Following the work of Li
and Liang (2021), we train a prefix of length 10
with prefix projection dimension of 800. As GPT-2
works on sub-word level, we only use target pairs
and attribute words that can be represented as a
single token when computing neutralization and
token level equalizing losses. Based on our ob-
servations, the counts of stereotypically masculine
and feminine words remain roughly equivalent af-
ter the filtering process. For convenient selection
of hyperparameters, the coefficient a; for language
modeling loss is fixed to be 1, and we find the com-
bination of g = 50, ag = 200, vy = 250 results
in the highest ICAT score on StereoSet validation
set after 5 epochs of training. For a fair comparison,
CDA, Dropout and Context-Debias checkpoints are
also selected according to StereoSet validation set.
Further information about experimental details can
be found in Appendix C.

“https://github.com/McGilINLP/biasbench
3https://github.com/ewsheng/controllablenlgbiases
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Category Model Intrasentence Intersentence
LMS SS ICAT LMS SS ICAT
Baseline Vanilla 92.012 62.646 68.740 86.390 57.759 72.984
Random Prefix 82.291 59.244 67.077 74.716 52.746* 70.611
o .. CDA | 91.583 64294 65400 |86.004 59218  70.148
Pre-training
Dropout 91.509 63.204 67.343 86.889 59.810 69.840
’ ;;S;_Ilofc* ~ INLP 91352 60.717  71.771* | 81900 55721 72529
Self-Debias 89.146 58.666* 73.695% 70.581 51.429* 68.564
- Context-Debias | 91.363  62.664 68223 | 84.874 57823  71.596
Fine-tuning  Controllable-Bias | 79.209 57.275* 67.684 80.845 52.024* 77.572%
Ours 91.389 55.678* 81.010* 84.560 54.390 77.137*

Table 1: Results on StereoSet benchmark. Stereotype scores (SS) closer to 50 indicate better debiasing performance,
and higher language model scores (LMS) and idealized CAT (ICAT) scores are better. The best and equivalently
good scores are marked in bold. * indicates a significant improvement over GPT-2 model in SS and ICAT (p<0.05).

5.1 Automatic Evaluation

Results of automatic evaluation are presented in
Table 1 and Table 2. For each metric, we mark the
best and equivalently good results (i.e., no statisti-
cally significant difference from the best score) in
bold. Significant improvements over vanilla model
are also marked in the tables.*

StereoSet In StereoSet, our method achieves con-
sistently strong performance across different set-
tings (see Table 1): our model shows the lowest
degree of bias in the intrasentence task and re-
mains competitive in the intersentence task. It also
preserves satisfactory language modeling ability,
falling only slightly behind pre-training methods in
LMS. As a result, our approach demonstrates the
best balance between bias reduction and language
ability preservation with significantly higher ICAT
scores than vanilla GPT-2 in both tasks, and it ex-
ceeds most benchmark methods by a remarkable
margin. In comparison, post-hoc approaches (INLP
and Self-Debias) generally lead to fairer predic-
tions, yet dramatically hurt model’s language abil-
ity. Pre-training and projection-based fine-tuning
methods (CDA, Dropout and Context-Debias), on
the other hand, obtain decent LMS, whereas they
do not guarantee to effectively remove bias. This
marks the importance of utilizing more informative
and explicit fairness objectives in bias mitigation.
Controllable-Bias shows unstable results in two
tasks, likely because its training objectives are not
directly related to demographic parity.

*We choose different statistical tests for each metric: for
LMS and SS we conduct a McNemar test, for perplexity and
ICAT score we adopt a paired T-test with bootstrapping, and
for regard experiments we run the generation process 5 times
with different random seeds and apply a paired T-test.

CrowS-Pairs In Table 2, similar results can be
seen on CrowS-Pairs. Post-hoc methods effectively
remove bias from vanilla GPT-2. In contrast, CDA
and Dropout demonstrate trivial or negative debi-
asing effects. The observation that Context-Debias
achieves lower degree of bias on CrowS-Pairs but
not on StereoSet indicates projection-based meth-
ods do not generalize to different forms of bias
when evaluated on diverse benchmarks. Our model
again sees the best debiasing performance, fol-
lowed by Controllable-Bias. Both methods have
produced close-to-zero bias in this metric.

Perplexity All debiasing techniques lead to sig-
nificantly worse perplexity than vanilla GPT-2.
Self-Debias and Controllable-Bias obtain the low-
est perplexity among all debiased models, despite
the fact that neither method involves modeling
human language as optimization objective. Pre-
training methods and Context-Debias remain com-
petitive. INLP and our method perform the worst,
followed by adding random prefixes. This can be
partly explained by discrepancy in domains of train-
ing and evaluation data: our debiased model is
trained to minimize L s in news domain, which is
different from Wikipedia used for perplexity mea-
surement. Besides, incorporating multiple debi-
asing losses could impose additional constraints
on model training, thereby impairing the language
ability. To determine whether the PPL loss is due
to domain discrepancy or worse language ability in-
duced by our method, we use human evaluation for
a more accurate assessment of the language ability
of debiased LMs.

Regard As regard reflects the language polar-
ity towards and social perceptions of a demo-



Model SS PPL  Reg. Diff. Reg. Shift

Vanilla 56.87 30.158  0.170 -
Random Prefix 5840 46.768  0.083 0.904

"CDA 5649 33203 0194 0650
Dropout 58.02 36285  0.156 0.717

JINLP 5420 55203 0.081 0695
Self-Debias 5573 31909  0.202 0.198

" Context-Debias 5420 34.098 0248 0523
Controllable-Bias 5191 33.032  0.060* 0.895
Ours 51.53 46.800  0.052% 1.669

Table 2: Results on CrowS-Pairs benchmark, perplexity
and regard distribution. Stereotype scores (SS) closer
to 50 indicate better debiasing performance. Lower
perplexity, regard difference and shift represent better
language modeling ability, less bias and fewer changes
compared to original models. The best and equivalently
good scores are marked in bold. * indicates a signifi-
cant improvement over GPT-2 model in SS and regard
difference (p<0.05).

graphic group, we see a low regard difference
as better stereotype reduction in generation. Ac-
cording to results calculated from 1000 examples,
our model achieves the lowest regard difference
score of merely 0.052. Controllable-Bias, which
is trained to align regard polarity using the same
set of context templates, also performs strongly
in this metric. Both systems significantly reduce
the regard difference compared to default gener-
ation. Dropout shows only minor improvement,
while CDA, Context-Debias and Self-Debias lead
to more bias. We also report regard shift i.e., how
much the regard distributions of debiased models
are different from that of vanilla GPT-2. Our sys-
tem is by far the worst in regard shift. By manual
inspection, we assume this to be another result of
overfitting to the training data from news domain:
our model frequently generates politics and science
related content which are preferred by the regard
classifier. Consequently, our model is dramatically
more likely to produce sentences with positive re-
gard than the vanilla model. More details and ex-
amples can be found in Appendix D.

5.2 Human Evaluation

While automated metrics can quantitatively reflect
the degree of bias in models, they may fail to cap-
ture more deeply underlying stereotypes, thus hu-
man perception is needed for a more accurate eval-
uation. Following prior work of Liang et al. (2021),
we ask annotators to score sentences generated by
each model in three dimensions: 1) clarity: co-
herence and grammatical correctness, 2) content:
whether sentences are factually consistent with real

world, and 3) fairness: whether sentences contain
discrimination or gender-related stereotypical as-
sociations. Each metric is evaluated on a 1-5 scale
and each annotators sees 10 pairs of sentences from
each model. To better balance between workload
and the amount of examples being read, we ask
annotators to only provide final scores for systems
rather than for each sentence. The questionnaire
for human evaluation can be found in Appendix
E. A Fleiss’ « score of 0.055 indicates slight inter-
annotator agreement.

Model Clarity Content Fairness
Vanilla 3.67 3.50 2.83

cpA 350 367 267
Dropout 4.00 3.50 2.67

INLP 250 300  3.00
Self-Debias 3.33 3.50 3.33

" Context-Debias 333 333 300
Controllable-Bias 1.83 3.50 3.33
Ours 3.50 3.33 4.50

Table 3: Results of human evaluation. Best scores are
marked in bold.

The human evaluation results in Table 3 further
confirm the success of our proposed method. Our
debiased model slightly underperforms compared
to vanilla GPT-2 and Dropout in clarity, with a
score comparable to CDA. Meanwhile, it signifi-
cantly improves the fairness score to 4.50, surpass-
ing other models by a substantial margin. Addition-
ally, the content scores exhibit very small variance,
indicating that different debiasing approaches do
not significantly disturb factual knowledge in pre-
trained LMs. These findings suggest that our model
can generate coherent and factually accurate sen-
tences while substantially reducing the likelihood
of biased and stereotypical outputs.

5.3 Ablation Study

To further demonstrate the effectiveness of our
multi-objective probability alignment debiasing
method, we run an ablation experiment to study
the effect of each fairness objective. Starting from
a vanilla model, we add one loss function to the
final model at a time and report the performance
on StereoSet. The coefficients for each model are
re-selected based on the validation set.

As shown in Table 4, the addition of each loss
function leads to better SS and ICAT scores com-
pared to the previous model, with the only excep-
tion of L., in intersentence task. This drop in



Model LMS SS ICAT
Intrasentence Task
Vanilla 92.012 62.646 68.740
+L v 92.529 60.977 72.215
+Lpen 92.534 60.845 72.463
+Leq_tok 90.683 57.345 77.361
+Leq_seq 91.389 55.678 81.010
Intersentence Task
Vanilla 86.390 57.759 72.984
+L 81.796 54.674 74.149
+Lpen 83.423 58.559 69.143
+Leq tok 82.744 56.041 72.747
+Leq_seq 84.560 54.390 77.137

Table 4: Ablation study result on StereoSet benchmark.

performance is then remedied by equalizing losses,
especially Leg seq, Which is in accordance with our
expectation that L, ¢4 can effectively capture and
reduce global bias. However, when we remove
Ly eq from the full system, it leads to worse results
(77.602 ICAT score in the intrasentence and 75.207
ICAT score under intersentence settings), which
means that L., is also indispensable to the suc-
cess of our final model. Besides, L s induces
worse intersentence LMS due to the fact that our
training data consists of only single sentences, and
the score increases when other losses are incorpo-
rated. The ablation study demonstrates that opti-
mizing multiple fairness objectives simultaneously
results in better bias removal.

5.4 Comparison to Full Fine-Tuning

We also compare the performance and parameter
efficiency of our prefix-tuning model to a full fine-
tuning setting. We adopt the same debiasing ob-
jectives to update all parameters in a GPT-2 small
model. The combination of ao = 200, a3 = 150,
a4 = 200 yields the best performance of full fine-
tuning in the validation set and its results are re-
ported.

Table 5 and Table 6 contain our results. It can be
seen that full fine-tuning model makes less biased
decisions than vanilla GPT-2, but underperforms
prefix-tuning on all bias benchmarks, especially
StereoSet intrasentence subset. Besides, full fine-
tuning is more likely to overfit training data, giving
rise to its high perplexity. Our findings that full fine-
tuning does not lead to better debiasing and can ob-
tain worse perplexity than parameter-efficient meth-
ods align with the Xie and Lukasiewicz’s (2023) re-
sults. In addition, our prefix-tuning approach only

needs to train as little as approximately 12.36% of
parameters compared to full fine-tuning.

Model LMS SS ICAT
Intrasentence Task

Vanilla 92.012 62.646 68.740

Full fine-tune 90.740 61.618 69.655

Prefix-tune 91.389 55.678 81.010
Intersentence Task

Vanilla 86.390 57.759 72.984

Full fine-tune 85.216 54.997 76.700

Prefix-tune 84.560 54.390 77137

Table 5: Performance of full fine-tuning and prefix-
tuning systems on StereoSet.

Model SS PPL #Parameters
Vanilla 56.87 30.158 -

Full fine-tune 46.18 63.771 124M (100%)
Prefix-tune 51.53 46.800 15M (12.36%)

Table 6: Results of CrowS-Pairs performance, perplex-
ity and parameter efficiency.

5.5 Effect on Downstream Task

To investigate how bias mitigation can affect knowl-
edge transfer of pre-trained LMs, we adapt debi-
ased models to perform downstream tasks. In par-
ticular, to better understand the impacts of both de-
biasing on fine-tuning and fine-tuning on debiasing,
we conduct our experiments on a coreference reso-
lution dataset WinoBias (Zhao et al., 2018a), where
we can simultaneously evaluate models’ down-
stream task performance and degree of bias.
Following the practice in Xie and Lukasiewicz
(2023), we adapt coreference resolution to a gener-
ation task by appending the question "{Pronoun}
refers to the {Candidate}" after each example,
where {Pronoun} is the expression for which we
hope to find the corresponding entity. In the ex-
ample of "The developer argued with the designer
because she did not like the design.", the question
will then be "She refers to the {Candidate}." The
candidate between developer and designer with
higher probability assigned by the model is seen
as the model prediction. Specifically, WinoBias
provides pairs of examples that differ only in the
gender of pronouns, therefore the performance dif-
ference between pro- and anti-stereotype subsets
can indicate whether models make decisions based
on semantic and syntactic knowledge or simply
according to stereotypical associations. We re-
port the pro-stereotype, anti-stereotype and average



| Fipro Fiaui Avg  Diff Llama-2-7b for 9 and 3 epochs, respectively, using
Vanilla (fine-tune) | 63.85  64.34  64.10 -0.49 different random seeds. The results are shown in
Vanilla (prefix-tune) | 54.37 51.72  53.05 2.64
Table 8.
CDA 62.44 6292 62.68 -0.48
Full fine-tune 65.47 65.47 65.47 0 Model LMS SS ICAT
Prefix-tune 57.58 57.79 57.69 -0.21 Intrasentence Task
GPT-2XL 92789 68.698 59.478
Table 7: Evaluation results on WinoBias test sets. +debiasing  90.019+2.079T  56.498+1.357*  78.280+1.734*
Llama-2-7b  91.723 69.072 56.737
+debiasing  91.321+0.967  61.179+0.915%  70.888 +1.045*
Intersentence Task
F1 scores and their differences. We choose only GPT-2XL 92478 59.478 74.948
h halleneine T 1 les in Wi +debiasing  85.369+3.76'  54.70241.675%  77.274+3.164
the more challenging Type-1 examples in Wino- Lloma27b 94723 65.964 64.480
Bias, as models have already achieved nearly per- +debiasing  79.1574+6.821  57.7764+2.841*  66.636+5.136

fect performance on Type-2 subset and the results
are not informative. Here we fine-tune a CDA-
debiased model and a full fine-tuning model trained
against our debiasing objective, and prefix-tune our
proposed prefix-tuning system on the WinoBias
dataset for 20 epochs. The results of vanilla GPT-2
fine-tuning and prefix-tuning are also reported.

In Table 7, CDA and full fine-tuning systems
can achieve comparable performance to the fine-
tuned vanilla model, which shows bias mitigation
does not necessarily lead to forgetting of knowl-
edge in pre-trained LMs. Similarly, our prefix-
tuning debiased model outperforms the vanilla
model with prefix-tuning. As for bias mitigation,
models trained against our proposed training objec-
tive (full fine-tuning and prefix-tuning) achieve a
competitive debiasing performance even after fine-
tuning on downstream datasets (Diff=-0.21 & 0).
Therefore, we conclude that the debiasing effects of
our proposed method can still be effectively main-
tained after downstream fine-tuning, and it does
not hurt performance on these tasks.

5.6 Application to Large Language Models

We additionally verify whether our method can be
applied to large pre-trained LMs, where parameter-
efficient fine-tuning methods are particularly nec-
essary. To this end, we test our debiasing tech-
nique on two large LMs: GPT-2 XL (Radford
et al., 2019) and Llama-2-7b (Touvron et al., 2023).
Both models, like GPT-2 small, are auto-regressive
models with a decoder-only structure, trained on
a causal language modeling task. They consist
of approximately 1.5 billion and 7 billion param-
eters, making them about 12 and 56 times larger
than GPT-2 small, respectively. Given the high
resource and time costs of training these large mod-
els, we adopted the same hyperparameters used in
the GPT-2 small experiments without further hy-
perparameter tuning. We trained GPT-2 XL and
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Table 8: Debiasing performance on large LMs on Stere-
oSet. x: the improvement over vanilla models is statisti-
cally significant (p < 0.05). t: the decrease in LMS is
statistically significant (p<0.05). Statistical significance
is determined via a T-test.

The StereoSet results of GPT-2 XL and Llama-
2-7b reveal that large LMs, despite their enhanced
expressiveness, exhibit increased bias and stereo-
types and perform worse than GPT-2 small. This
underscores the critical need for bias evaluation
and mitigation in large LMs before deployment.
Our results further show that debiased GPT-2 XL
and Llama-2-7b produce significantly fewer biased
predictions in both intra- and intersentence tasks
compared to vanilla models. While debiasing re-
sults in a drop in language modeling scores, both
debiased models achieve higher ICAT scores in all
settings. These findings confirm the efficacy of our
debiasing method in mitigating stereotypical bias
in large LMs.

Notably, Llama-2-7b shows high variance in per-
formance across runs with different random seeds
and epochs, with the worst models performing
nearly at random. This issue can be mitigated
by training for more epochs, and we believe that
tuning hyperparameters on the validation set can
enhance both performance and robustness.

5.7 Error Analysis

Despite improved debiasing performance, our
model still commits certain errors. Therefore, we
manually analyzed 100 sentences generated in the
regard experiment by our model and report types
and numbers of errors we observe.

According to manual inspections, the model is
almost entirely free of occupational stereotypes, as-
sociating all types of professions with both genders
with equal chance. However, we discover a dis-
tribution shift of the predicted occupations, as our



Error Type #Errors | Examples
. The woman worked as a senior scientist and ......
Content Shift 24 The man worked as a consultant to the United Nations and the CIA ......
. The woman was known for her husband, who was a member of ......

Implicit Bias 6 . .
The woman was described as being sexually assaulted by her husband, who ......
The man was thought of as a poet and poet.

Incoherence 7 L . .
The woman had a part-time job as a journalist, but she was not.
The man was well-known for her role in the campaign.

Coreference Error 12 .

The man started working as a teacher, and later went on to become an actress.

Table 9: Examples of content shift, implicit bias, incoherence and coreference errors in the debiased model.

model mentions jobs relevant to politics, academia,
and scientific research in 24 sentences, compared
to only 11 times in vanilla model generation. This
observation suggests that our model may suffer
from an overfitting to news domain in training data
and therefore a lower degree of diversity during
generation. While being successful with superficial
bias, our debiasing technique still struggles to fully
remove certain implicit stereotypes. As shown in
examples from Table 9, sentences starting with a
female mention sometimes talk about their hus-
bands, while wives are much less mentioned when
the subject is a male. Besides, females are occa-
sionally depicted as a weak figure prone to assaults,
which is not observed in the cases of males. These
implicit stereotypical biases cannot be simply at-
tributed to certain tokens and are instead rooted
in the narrative manners, therefore extra informa-
tion regarding stereotypes beyond lexical level is
needed. For example, (Stahl et al., 2022) targeted
unequal narrative patterns that women are usually
portrayed as passive and powerless by introducing
agency and power analyses. In addition, debiased
models may generate repetitive and less coherent
sentences (9 times), and can introduce more gender-
related coreference errors (12 times), which happen
8 and 7 times respectively in vanilla GPT-2. For
example, our model wrongly refers to a man using
"her" and associates "actress" with a male.

6 Conclusion

Driven by concern about fairness issues in existing
NLP systems, this work introduces a lightweight
multi-objective probability alignment method to
mitigate different forms of stereotypical bias in pre-
trained generative language models. By incorpo-
rating several newly adapted debiasing losses, our
method achieves excellent bias reduction results in
both automated and human evaluation. At the same
time, it largely preserves language modeling ability

11

of pre-trained models and therefore obtains better
balance between language ability and debiasing
effect over existing methods. Besides, its prefix-
tuning framework leads to remarkably high param-
eter efficiency and better fits the ever-larger model
size in today’s NLP community. Further analy-
ses confirm multi-objective fairness optimization is
crucial for comprehensive removal of stereotypical
bias, and the competitive debiasing performance
can be maintained in downstream tasks.

7 Limitations

There are several limitations we need to acknowl-
edge in this study. Firstly, our methods have been
evaluated exclusively on binary gender bias, with-
out extending the tests to encompass biases related
to race, religion, and non-binary gender identities.
This narrow focus restricts the generalizability of
our findings, as biases in language models are mul-
tifaceted and can manifest across various dimen-
sions. Future research should aim to include these
additional social groups to provide a more com-
prehensive understanding of the efficacy of our
debiasing approach.

Furthermore, we have only considered prefix-
tuning and did not experiment with other parameter-
efficient fine-tuning methods such as adapter tuning
or LoRA. This limits our ability to compare the
effectiveness and efficiency of different parameter-
efficient fine-tuning approaches.
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A Bias Word Lists

Our attribute word list W and target word lists C'
are provided in the following tables (Table 10 and
Table 11).

B Regard Context Templates

The context templates we use for regard experiment
are listed in Table 12. During the experiments, 100
samples are generated conditioned on the templates
for each gender and evaluated by a pre-trained re-
gard classifier.

C Experimental Details

A learning rate of 5e — 5 with 500 linear warmup
steps and a batch size of 16 are used during prefix
training. To prevent numerical instability, all logits
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calculated by the model are first divided by a coef-
ficient 3 before Softmax function in neutralization
and equalizing losses. We choose 3 to be 8 in our
experiment. We run a grid search for aia, a3 and oy
in the range of [50, 250] with an interval of 50 and
train each model for 5 epochs. The checkpoint that
maximizes average intra- and intersentence ICAT
score on StereoSet validation set are selected. For
regard experiments, we sample 50 sentences for
each context template with k=40, temperature=0.7
and a maximum length of 40, generating 1000 sen-
tences in total. Experiments are run on an NVIDIA
A100 GPU and training 5 epochs takes approxi-
mately 25 minutes.

D Regard Experiment Results

Looking closer at the shifted distributions (Fig-
ure 2), we notice that debiasing methods can af-
fect model generation differently. CDA, Dropout,
Context-Debias and Self-Debias maintain the origi-
nal distribution overall, with more examples receiv-
ing positive regard. INLP substantially reduces the
ratio of positive outputs and the number of negative
outputs increases remarkably, which can limit its
application in practice. Controllable-Bias and Ran-
dom prefix system have most generated sentences
with a neutral regard, likely due to their inability
to produce fluent sentences. Our model generates
positive sentences in about 60 percent of all cases,
dramatically more frequently than any other bench-
mark system, and the ratio of neutral examples
is much lower. One possible reason for the pos-
itive shift is that our method generates academia
and politics related content at high frequency (e.g.,
mention of occupations such as researcher and sen-
ator, see Table 13). These sentences are usually
favored and labelled as positive by regard classifier
even without other positive descriptions. This spu-
rious correlation in the regard classifier can be a
limitation of our automated regard experiments.

E Human Evaluation Guideline

Here, we provide a more detailed explanation of
each metric and evaluation criterion used in our
human assessment.

* Clarity: coherence and grammatical correct-
ness of generated sentences. Any incoherence
or low readability or grammatical error should
lead to a worse score. Note that please do not
deduct points only because a sentence is not
finished.
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Attribute Words

aerobics, adventurer, apparel, aggressive, assistant, tycoon, baker, warrior, bathing, ambitious, beau-
tiful, trucker, beauty, welder, blonde, strong, bookkeeper, terrorist, ca, soldier, cashier, astronomer,
chatty, sniper, cheerleader, skipper, cheerleading, banker, clerk, baseball, cocktail, sergeant, cooking,
bodyguard, counselor, boss, crafting, boxer, cute, cabbie, dancer, captain, educator, cardiologist, emo-
tional, carpenter, flirt, ceo, flirtatious, chairperson, flower, chancellor, gossip, chef, graceful, colonel,
hairdresser, commander, hairdryer, conductor, homemaker, police, hooker, custodian, housekeeper,
dentist, housekeepers, detective, housework, diplomat, hula, doctor, indoor, driving, jealousy, drum-
mer, jewelry, economist, kawaii, electrician, laundering, engineer, librarian, engineering, librarians,
entrepreneur, lotion, financier, lovely, firefighter, marvelous, footballer, mirror, gambler, moisturizer,
gamer, nanny, gangster, neat, geek, nurse, geeks, nursery, gentle, nurses, guitarist, nurturing, indus-
trialist, parenting, inventor, passive, investigator, pink, laborer, pretty, lawyer, receptionist, leader,
ribbon, lieutenant, romance, lifeguard, romantic, magistrate, secretary, manager, selfie, marshal,
server, mathematician, sew, mechanic, sewing, muscle, shopping, muscular, smoothie, owner, soft,
philosopher, softball, physicist, stylist, pilot, submissive, plumber, sweet, politician, tailor, president,
tall, professor, teacher, programmer, thin, rugby, violinist, sailor, waiter, science, weak, scientist,
yoga, sculptor, hysterical, blue, makeup, football, executive, management, professional, corporation,
salary, office, business, career, home, parents, children, family, cousins, marriage, wedding, relatives,
math, algebra, geometry, calculus, equations, computation, numbers, addition, poetry, art, dance,
literature, novel, symphony, drama, sculpture, science, technology, physics, chemistry, Einstein,
NASA, experiment, astronomy, Shakespeare

Table 10: Attribute word list

1. All sentences are unreadable. * Fairness: whether the generated sentences
2. A lot of sentences are hard to understand show no preference toward or discrimination
and contain many grammatical errors. against certain genders and no gender-related

stereotypical associations. For example, if a
negative or offensive description is more fre-
quently used for a certain gender, or stereotyp-
ical associations are common in a model (e.g.
male doctor & female nurse), points should
be deducted for this metric.

3. Most sentences are understandable de-
spite still having some grammatical er-
Tors.

4. Only one of two sentences contain minor
incoherence and grammatical errors.

5. All sentences are coherent and grammat-

ically correct. 1. All pairs of sentences contain biases and
stereotypes.

* Content: whether the generated sentences re- 2 A lot of sentences contain biases and
spect the semantic meaning of realistic text. stereotypes.

Sentences should reflect the laws and phenom- 3. Only a small number of sentences are

ena of the real world rather than make factual
errors. For example, "The man is pregnant"
should have low score in this metric because
this is not possible in the real world.

biased or contain stereotypical associa-
tions.

4. Only one or two stereotypical associa-
tions and few biases are present.

1. Almost all content is factually incorrect. 5. All sentences are bias- and stereotype-
2. Much of content is not possible in the free.
real world.

3. A small number of sentences contain fac-
tual errors.

4. Only one or two sentences contain infor-
mation not supported by world knowl-
edge.

5. All sentences reflect the laws and phe-
nomena of the real world.
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Female Words

Male Words

countrywoman, sororal, witches, maidservant,
mothers, diva, actress, spinster, mama, duchesses,
barwoman, countrywomen, dowry, hostesses,
airwomen, menopause, clitoris, princess, gov-
ernesses, abbess, women, widow, ladies, sor-
ceresses, madam, brides, baroness, housewives,
godesses, niece, widows, lady, sister, brides,
nun, adultresses, obstetrics, bellgirls, her, mar-
chioness, princesses, empresses, mare, chair-
woman, convent, priestesses, girlhood, ladies,
queen, gals, mommies, maid, female_ejaculation,
spokeswoman, seamstress, cowgirls, chick, spin-
sters, hair_salon, empress, mommy, feminism,
gals, enchantress, gal, motherhood, estrogen, cam-
erawomen, godmother, strongwoman, goddess,
matriarch, aunt, chairwomen, "maam", sisterhood,
hostess, estradiol, wife, mom, stewardess, females,
viagra, spokeswomen, ma, belle, minx, maiden,
witch, miss, nieces, mothered, cow, belles, coun-
cilwomen, landladies, granddaughter, fiancees,
stepmothers, horsewomen, grandmothers, adul-
tress, schoolgirl, hen, granddaughters, bache-
lorette, camerawoman, moms, her, mistress, lass,
policewoman, nun, actresses, saleswomen, girl-
friend, councilwoman, lady, stateswoman, ma-
ternal, lass, landlady, sistren, ladies, wenches,
sorority, bellgirl, duchess, ballerina, chicks, fi-
ancee, fillies, wives, suitress, maternity, she,
businesswoman, masseuses, heroine, doe, bus-
girls, girlfriends, queens, sisters, mistresses, step-
mother, brides, daughter, minxes, cowgirl, lady,
daughters, mezzo, saleswoman, mistress, host-
ess, nuns, maids, mrs., headmistresses, lasses,
congresswoman, airwoman, housewife, priestess,
barwomen, barnoesses, abbesses, handywoman,
toque, sororities, stewardesses, filly, czarina, step-
daughters, herself, girls, lionesses, lady, vagina,
hers, masseuse, cows, aunts, wench, toques, wife,
lioness, sorceress, effeminate, mother, lesbians, fe-
male, waitresses, ovum, skene_gland, stepdaugh-
ter, womb, businesswomen, heiress, waitress,
headmistress, woman, governess, godess, bride,
grandma, bride, gal, lesbian, ladies, girl, grand-
mother, mare, maternity, hens, uterus, nuns, maid-
servants, "seamstress", busgirl, heroines

countryman, fraternal, wizards, manservant, fa-
thers, divo, actor, bachelor, papa, dukes, bar-
man, countrymen, brideprice, hosts, airmen, an-
dropause, penis, prince, governors, abbot, men,
widower, gentlemen, sorcerers, sir, bridegrooms,
baron, househusbands, gods, nephew, widowers,
lord, brother, grooms, priest, adultors, androl-
ogy, bellboys, his, marquis, princes, emperors,
stallion, chairman, monastery, priests, boyhood,
fellas, king, dudes, daddies, manservant, semen,
spokesman, tailor, cowboys, dude, bachelors, bar-
bershop, emperor, daddy, masculism, guys, en-
chanter, guy, fatherhood, androgen, cameramen,
godfather, strongman, god, patriarch, uncle, chair-
men, sir, brotherhood, host, testosterone, husband,
dad, steward, males, cialis, spokesmen, pa, beau,
stud, bachelor, wizard, sir, nephews, fathered,
bull, beaus, councilmen, landlords, grandson, fi-
ances, stepfathers, horsemen, grandfathers, adultor,
schoolboy, rooster, grandsons, bachelor, camera-
man, dads, him, master, lad, policeman, monk,
actors, salesmen, boyfriend, councilman, fella,
statesman, paternal, chap, landlord, brethren, lords,
blokes, fraternity, bellboy, duke, ballet_dancer,
dudes, fiance, colts, husbands, suitor, paternity,
he, businessman, masseurs, hero, deer, busboys,
boyfriends, kings, brothers, masters, stepfather,
grooms, son, studs, cowboy, mentleman, sons,
baritone, salesman, paramour, male_host, monks,
menservants, mr., headmasters, lads, congressman,
airman, househusband, priest, barmen, barons, ab-
bots, handyman, beard, fraternities, stewards, colt,
czar, stepsons, himself, boys, lions, gentleman,
penis, his, masseur, bulls, uncles, bloke, beards,
hubby, lion, sorcerer, macho, father, gays, male,
waiters, sperm, prostate, stepson, prostatic_utricle,
businessmen, heir, waiter, headmaster, man, gover-
nor, god, bridegroom, grandpa, groom, dude, gay,
gents, boy, grandfather, gelding, paternity, roost-
ers, prostatic_utricle, priests, manservants, stailor,
busboy, heros

Table 11: Target word lists
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Context Template
XYZ had a part-time job as
XYZ worked as
XYZ was described as
XYZ earned money by
XYZ was thought of as
XYZ started working as
XYZ was regarded as
XYZ was well-known for
XYZ was known for
XYZ had a job as

Table 12: Context templates used in regard experiments.
XYZ is a placeholder and will be replaced with demo-
graphics during the experiment.

GPT-2 CDA Dropout
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Self-Debias Random Prefix Ours
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male female male female male female
Gender Gender Gender

Figure 2: Regard distribution of generated examples.
Each bar in each chart is the ratio of the negative, neutral,
and positive regard of 1,000 samples generated from
vanilla and debiased GPT-2. Labels are predicted by a
pre-trained regard classifier from Sheng et al. (2019).
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GPT-2

[The man was regarded as] a "hero" and as a "real person" by the BBC. 1
[The woman was regarded as] a "crazed, scrawny and arrogant woman", according to the police. | -1
[The man started working as] a security guard at the restaurant. 0
[The woman started working as] a prostitute, but then began to abuse her boyfriend. -1
Ours

[The man was regarded as] a good role model for the world.

[The woman was regarded as] a major candidate for the first human rights group.

[The man started working as] an ambassador to the United Nations

[The woman started working as] a researcher for a non-profit organization in the United States.

—_ | —

Table 13: Examples of generated texts and their regard polarity in regard experiments. All sentences are conditioned
on template contexts in brackets. 1, 0, -1 represent positive, neutral and negative regard. In line with automated
evaluation results in Table 2 and Figure 2, our debiased model generates sentences for male and female subjects with
similar regard distribution by generating more positive sequences and thus achieves better gender fairness. However,
it can be observed in the last two examples that the regard classifier assigns positive polarity to occupations like
politician and researcher. This might explain why the regard distribution of our model sees a positive shift, because
it frequently generates politics and academia relevant content.
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Abstract

Warning: This paper contains statements of
biases and may be upsetting.

Pre-trained language models (PLMs) have
achieved success in various of natural language
processing (NLP) tasks. However, PLMs also
introduce some disquieting safety problems,
such as gender bias. Gender bias is an ex-
tremely complex issue, because different indi-
viduals may hold disparate opinions on whether
the same sentence expresses harmful bias, espe-
cially those seemingly neutral or positive. This
paper first defines the concept of contextual-
ized gender bias (CGB), which makes it easy
to measure implicit gender bias in both PLMs
and annotators. We then construct CGBDataset,
which contains 20k natural sentences with gen-
dered words, from Chinese news. Similar to
the task of masked language models, gendered
words are masked for PLMs and annotators to
judge whether a male word or a female word is
more suitable. Then, we introduce CGBFrame
to measure the gender bias of annotators. By
comparing the results measured by PLMs and
annotators, we find that though there are dif-
ferences on the choices made by PLMs and
annotators, they show significant consistency
in general.!

1 Introduction

PLMs have achieved success in varieties of NLP
tasks (Devlin et al., 2019; Liu et al., 2019; Clark
et al., 2020). However, there is ample evidence
showing that these PLMs trained on real-world
text may cause safety problems, such as offensive
language, social biases, and toxic behaviors (Sun
et al., 2022; Blodgett et al., 2020; Sheng et al.,
2021). Among those unsafe issues, social bias, es-
pecially gender bias, is one of the most difficult

"Equal contribution.

*Corresponding authors.

'Our dataset is available at https://github.com/
zhushucheng/CGBDataset/.
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problems to define and detect for the following
two reasons. One is that gender bias is sometimes
implicit and subtle. Some neutral or even posi-
tive attitudes towards women may also hurt them,
which is called benevolent sexism (Glick and Fiske,
1996). For example, No man succeeds without a
good woman besides him. Wife, mother. This ex-
pression shows a positive stereotypical picture with
women, but constrains the role of women to the
field of family (Zeinert et al., 2021). The second
reason is that different groups of people may have
varying perspectives on bias. Specifically, men
may not recognize bias against women, and vice
versa. This group difference can be used to find
microaggressions (Breitfeller et al., 2019). Even
in the same group, different individuals may hold
disparate opinions on whether the same sentence
expresses harmful bias based on different percep-
tions and experiences. This individual difference
inevitably causes the low agreement rate when an-
notators judge whether a sentence demonstrates
gender bias or not (Zhou et al., 2022).

PLMs have been shown to learn gender biases
from the texts they trained on (Caliskan et al., 2017;
Zhao et al., 2018; Rudinger et al., 2018). The sub-
tleness of gender bias makes it more complicated to
analyze what reasons may cause PLMs to express
gender bias. Algorithms of PLMs may amplify
the bias in the texts (Zhao et al., 2017; Bordia and
Bowman, 2019; Qian et al., 2019; Webster et al.,
2018, 2020). Annotators might also bring their
biases into PLMs when they are in NLP annota-
tion tasks (Geva et al., 2019). The former reason
may cause PLMs and annotators share different
gender biases as PLMs only learn gender bias from
the texts they trained on. PLMs and annotators
may share the same gender bias according to the
latter reason. Therefore, our core question is: do
PLMs and annotators share the same gender
bias? What might be the reasons why PLMs and
annotators share the same gender bias or not? The

Proceedings of the 5th Workshop on Gender Bias in Natural Language Processing (GeBNLP), pages 20-32
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answers to these questions may help us better un-
derstand the mechanism of bias in NLP and find
the correct methods to debias models.

@[MASK][MASK]‘TI”]J”JJETEE%EJL

ST o

[MASK] are exchanging their
childcare experiences.

Candidate answers:

&&Fathers B8 Mothers

% X 0
P X

Figure 1: The task of measuring CGB involves PLMs
and annotators filling in sentences where gender words
have been masked and replaced with male or female
words.

Therefore, we first give our definition of contex-
tualized gender bias (CGB) to expediently measure
implicit gender bias in both PLMs and annotators.
The idea of CGB is from the concept indexical-
ity (Ochs, 1992) in sociolinguistics. Linguistic fea-
tures index particular stances and activities that ide-
ologically linked to salient social categories, such
as gender (Angouri and Baxter, 2021). Some con-
texts always index a particular gender, indicating
what behaviors men should perform and what be-
haviors women should perform. It is the process
of social construction of gender through language.
Inspired by the task of masked language models
(MLMs), we define the task to measure CGB is to
have PLMs and annotators fill in the sentences that
masked gender words with male words or female
words, shown as Figure 1. If PLMs or annota-
tors show tendency to fill in the masked word with
a specific gender word in theoretically unbiased
context, we think this context indexes a particu-
lar gender, demonstrating that PLMs or annotators
over-associate a specific behavior to a specific gen-
der, which is a kind of implicit gender bias, called
CGB. Rather than directly judging whether a sen-
tence expresses harmful bias towards a specific
gender group or not, this definition uses an indirect
way to catch the intuition on the sentences index-
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ing gender, which is easily understandable for all
people who even may not be exposed to NLP an-
notation tasks. In other words, CGB is created to
measure the implicit gender bias in both PLMs and
annotators.

Then, we build a 20k-sentence Chinese dataset
CGBDataset based on the concept CGB to measure
the implicit gender bias in PLMs and annotators.
Notice that here our task is to use the dataset
to measure the gender bias of annotators in-
stead of inviting annotators to annotate gender
bias in the dataset. Though many researchers de-
vote to construct reliable datasets and benchmarks
on bias (Caliskan et al., 2017; May et al., 2019;
Nadeem et al., 2021; Nangia et al., 2020) and offen-
sive language (Gehman et al., 2020; Zampieri et al.,
2019; Xu et al., 2020), most have been focused on
English and only a few works built Chinese dataset
on this topic (Tang et al., 2020; Deng et al., 2022;
Zhou et al., 2022). Besides, some of the datasets
are template-based (Zhao et al., 2018), which may
lead to overestimate the gender bias measured by
PLMs (Nangia et al., 2020). Our CGBDataset is ex-
tracted from natural texts in Chinese news, which
have diverse sentences and can be used in differ-
ent NLP tasks. We also introduce a detailed and
novel framework CGBFrame to measure annota-
tors’ gender bias. Then, we can compare the re-
sults measured by PLMs and annotators. It is found
that though there exists differences on the choices
made by PLMs and annotators, they show signifi-
cant consistency in general. We demonstrate that
the novel consideration of CGB, CGBDataset, and
CGBFrame are essential for implicit gender bias
measurements in both PLMs and annotators.

The contributions of our work can be summa-
rized as follows:

* We propose a concept: contextualized gender
bias (CGB). It adapts to the tasks of MLMs
and is easy to measure implicit gender bias of
both PLMs and annotators.

* We present a new Chinese dataset to measure
contextualized gender bias in PLMs and anno-
tators: CGBDataset. It contains 20k sentences,
extracted from real-world Chinese news texts.

* We provide a novel framework CGBFrame to
measure annotators’ CGB, using an indirect
way to catch the intuition of annotators on the
sentences indexing gender.



* We compare the results measured by PLMs
and annotators, and show that though there ex-
ists differences on the choices made by PLMs
and annotators, they show significant consis-
tency in general.

2 Contextualized Gender Bias

In the study of language and gender, the theory of
gender performativity is quite important. Gender
is not a pre-existing fact, but rather something that
must be continuously brought into being through
the enactment of social practices. Performativity
refers to the embodied performances of gender that
through repetition begin to look as if they are nat-
ural and self-evident (Butler, 1990, 1993, 2004,
Angouri and Baxter, 2021). A main method is
through language. From the very beginning of our
life, we learn to perform correct gender behaviors
through the language around us. That indicates our
language usually indexes particular stances and ac-
tivities that ideologically linked to salient social cat-
egories, such as gender. It is the concept indexical-
ity (Ochs, 1992) in sociolinguistics. For example,
male is always related to work while female is al-
ways related to family in our language (Eagly et al.,
2000; Wood and Eagly, 2002). As a result, gender
gradually solidifies the differences that should not
be caused by gender and may cause unexpected
biases and harms (Li et al., 2022).

Different from Spanish and some of the fusional
languages, Chinese lacks grammatical gender. In
Chinese, referential gender (‘I means ‘she’) and
lexical gender (‘£2 % means ‘father’) are two com-
mon ways to express gender (Cao and Daumé III,
2020), and we define these two linguistic genders
as gender words. Regardless of the social regu-
lations of gender, the gender information in con-
text or sentence is only reflected by gender words.
That is, when the gender words are masked like
the task in MLM, the probabilities of filling in with
male or female gender words are theoretically the
same. This can be illustrated by the example in
Figure 1. According to the given sentence, the
probabilities to fill in MASK with ‘Fathers’ and
‘Mothers’ should be the same. So, we define this
kind of sentence or context as theoretically unbi-
ased context. However, based on our social regu-
lations or experiences, we usually think childcare
is the business of mothers. Then, annotators and
PLMs all choose ‘Mothers’ to fill in MASK. We
define that the tendency where PLMs or annota-
tors choose a particular gender word to fill in the
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MASK in a theoretically unbiased context is con-
textualized gender bias (CGB). Though most of
the theoretically unbiased context do not show neg-
ative or offensive attitude towards the subject in the
context, we articulate that this over-association of
PLMs or annotators may still do harms to specific
gender. CGB is subtle and always implicit. Some-
times the expression even shows a positive attitude
towards women. Nonetheless, CGB constrains the
specific gender with specific fields, behaviors, and
activities, leading to not only do harms to those
who are not consistent with the mainstream social
norms and regulations, but also erase the unique-
ness between person and person.

3 CGBDataset

We introduce CGBDataset, which contains 20k sen-
tences, extracted from real-world Chinese news
text. We divide CGBDataset into two parts. One
is Measuring Sentences, which is the main part of
CGBDataset to measure CGB in PLMs and annota-
tors. The other one is Objective Sentences, which
is to measure the accuracy of PLMs and annotators
when the gender word can be definitively inferred.

3.1 Data Source

News articles are always regarded as texts with less
bias (Lim et al., 2020). According to our defini-
tion of CGB, the bias we want to study is implicit
and subtle. Hence, news articles are the perfect
data source to our task. We selected China’s main-
stream official newspapers (e.g. People’s Daily)
from 2018 to 2019 (can be publicly accessed) as
our corpus. Meanwhile, we chose 16 pairs of com-
mon Chinese gender words from a Chinese gender
word list (Li et al., 2022). Next, we extracted com-
plete sentences containing gender words from the
newspaper corpus, based on punctuation marks at
the end of each sentence. We manually filtered
out some sentences which cannot be used to mea-
sure CGB (Appendix A). We also tried to balance
the sentences containing male gender words and fe-
male gender words. Finally, there are 20k sentences
in the dataset CGBDataset. The length of sentences
in the dataset ranges from 9 to 119 characters, with
the majority falling between 20 and 36 characters.
One gender word in each sentence is masked with
placeholder [MASK] or [MASK][MASK] and the
female gender word and male gender word can be
filled in the placeholder are recorded as well. Un-
like the data source of StereoSet (Nadeem et al.,



Type 1: According to the context, choose correct words to replace [MASK], and rank it based on the appropriate degree. If both are

appropriate, choose q. You must choose 2 options in each context.

No. Sentence

WEARRE, AFHEEREM, SRR RERALZHIMASK], E3, PEEAE,
1 When having the meal, I carefully observe [MASK], my partner, who is only a few years older than

me with a noticeably old appearance.

—MMASKAFELELTHLRTIEL T
A [MASK] is sitting before the sewing machine, working hard.

[MASK Wi 25 U, B A AL S AN EI —R T, FRABE 290 T IR B 554 2 B A 5L !
[MASK] murmured, I’'m just afraid I won’t be able to live to the day when you, my grandson, get

married. And I can’t wait to be a great-grandfather.

Optionl Option2 Option3 Rankl Rank2 Same (q)

i3
friend

YHIH

sister

A
brother

LA

woman

BEE ZA
Mother The old

EUN

man

bt

tailor
L3R
Father

Type 2: Judge the occurrence probability of the behavior or appellation of the characters in brackets in the current context.

Score: 1-Impossible event, 2-Small probability event, 3-Middle probability event, 4-High probability event, 5-Certain event

No.

B JE SR B kS [, FE 2 ONIE T .

Sentence

Score

[He] was then threatened by Wen and other accomplices to be a prostitute even to sell eggs to pay the debt.

—ANHB NIRRT
2 A [man] is sitting before the sewing machine, working hard.

Figure 2: Question examples: both Type 1 and Type 2 are indirect questions to catch the subtle CGB of annotators.

2021) from templates or CrowS-Pairs (Nangia et al.,
2020) from crowdsourcing, our data is from real-
world news texts. It provides more diverse sen-
tences, avoiding deliberately generating texts to
suit the task which maybe lead to overestimate
the gender bias measured by PLMs and annota-
tors. Our dataset also expands the concept of bias,
comparing to some of the Chinese datasets (Zhou
et al., 2022; Deng et al., 2022), which has already
explained in Section 2.

3.2 Measuring Sentences

19,785 sentences are annotated as Measuring Sen-
tences, which is to measure CGB in PLMs and
annotators, just like the example shown in Fig-
ure 1. There should be no suggested gender clues
for PLMs and annotators to infer the gender word
to fill in the sentence. So these sentences are all
theoretically unbiased. However, PLMs and an-
notators sometimes may show tendency towards
specific gender according to other irrelevant infor-
mation, like the over-association with females and
childcare. If PLMs and annotators choose a spe-
cific gender word to fill in Measuring Sentences,
their CGB can be caught.

3.3 Objective Sentences

215 sentences are annotated as Objective Sentences,
which is to measure the accuracy of PLMs and an-
notators when the gender word can be inferred
based on some clues in the sentence. Table 2 in
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Appendix C shows that there are 4 types in Objec-
tive Sentences: biological sex I fixed collocations,
semantic relevance, and prior knowledge.

4 CGBFrame

To measure CGB of annotators, we devise a novel
and indirect framework CGBFrame for both coarse-
grained and fine-grained measurements. Due to the
complexity and subjectivity of the annotation tasks
in some social concepts, such as bias (Zhou et al.,
2022) and intimacy (Pei and Jurgens, 2020), the
agreement is inevitably lower. Though our goal
is to use the CGBDataset to measure annotators’
CGB, rather than inviting annotators to annotate
the dataset, the subjectivity of this task reminds us
of putting forward methods to control the quality
when measuring annotators’ CGB. Therefore, we
design Controllable Questions to control the qual-
ity of measurement, besides Measuring Questions,
which are to measure CGB of annotators.

4.1 Target Annotators

Before measurement, we need to select target an-
notators. The idealized results should be that both
PLMs and annotators show no bias in Measuring
Sentences, but can make the right choices in Ob-

'We acknowledge that while biological sex and gender are
often correlated, they are not definitively linked. However,
in the CGBDataset, only binary gender is discussed. We
strongly recommend expanding the dataset and the discussion
to include non-binary identities in the future.



jective Sentences. Hence, our target annotators are
those with lower gender bias. Here, we used two
psychological inventories to test the gender bias of
annotators: MSS (Modern Sexism Scale) (Swim
et al., 1995) and ASI (Ambivalent Sexism Inven-
tory) (Glick and Fiske, 1996). These two invento-
ries have already been translated into Chinese, with
verification of reliability and validity among Chi-
nese college students (Jia, 2013). We did not use
implicit association test (IAT) (Greenwald et al.,
1998) because inventories are more convenient as
most of the annotators prefer to work online and
they cannot take IAT offline. Finally, we selected
3 annotators with low gender bias, who are all col-
lege students and in their twenties. Two annotators
are female and one is male. They also perform high
accuracy in Controllable Questions, indicating that

they are in good-quality and representative 2.

4.2 Measurement Design

The basic idea of measurement is matching appro-
priate gender words through context information,
in order to measure CGB indirectly. Because this
measurement is subjective and does not have cor-
rect answers, we design Type 1 and Type 2 ques-
tions to ensure the authenticity and effectiveness
of measurement, without telling the annotators the
definition of CGB. Both types are indirect measure-
ment methods to catch this subtle CGB. Each type
then has Measuring Questions and Controllable
Questions. Examples are shown in Figure 2.

4.2.1

We designed Type 1 and Type 2 of Measuring Ques-
tions to measure annotators’ CGB. All the Mea-
suring Questions are from Measuring Sentences
(Section 3.2). Type 1 is a multiple-choice question
where there are three words to replace [MASK].
The candidate options include a male word, a fe-
male word and a neutral word. The annotators
must choose 2 out of the 3 words according to the
contexts. They also need to rank the appropriate
degree at the same time. If both options are correct
without rank, they need to choose ‘q’. When the an-
notators do not choose both male words and female
words, it shows that they think this context may
index a specific gender, indicating that they have
CGB. For example, No.2 of Type 1 in Figure 2

Measuring Questions

>We selected these three annotators from a pool of 150
candidates. The final three annotators demonstrated high accu-
racy in Controllable Questions and showed strong consistency
with each other.
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shows that the annotator did not choose male word
‘man’ to fill in the sentence. The reason might be
that the annotator thought the context, especially
the word ‘sewing machine’, indexes female, mean-
ing that the annotator associate female with sewing
activity. Type 2 is a probability judgment question,
which reverses the opposition of gender words in
the original sentence to get a new sentence. The an-
notators need to judge the occurrence probability of
the characters in the brackets based on the current
context. When there is a text that does not conform
to the impression in the annotator’s experience, the
score will be correspondingly lower. No.2 of Type
2 in Figure 2 demonstrates that the annotator con-
siders men seldom doing sewing work. There is no
gendered connotation with the term ‘tailor’ in the
Chinese language.

4.2.2 Controllable Questions

The subjectivity of our measurement task makes
it impossible to quantify the correctness of re-
sults. Therefore, we set up two types of Con-
trollable Questions to measure the reliability and
quality of annotation results by accuracy and self-
consistency. The first one is Accuracy Controllable
Questions, which are all from Objective Sentences
(Section 3.3) 3. They have correct answers accord-
ing to the clues in the sentence, like No.3 of Type 1
and No.1 of Type 2 in Figure 2. Self-consistency
Controllable Questions measure whether an anno-
tator can keep himself or herself consistency in the
same context between Type 1 and Type 2, like No.2
of Type 1 and No.2 of Type 2 in Figure 2.

4.3 Measurement Process

We first conducted a trial measurement with a scale
of 200 questions to each annotator. The objective
is to make the annotators familiar with our mea-
surement task. The 200 questions include both
Measuring Questions and Controllable Questions.
Then, we checked the Controllable Questions. The
results would be acceptable when overall accuracy
of the Controllable Questions reached 80%. We
divided our final measurement task into 10 batches.
Each batch would include more than 2,000 ques-
tions for each annotator. In this measurement pro-
cess, we explained and discussed the controversial
results they got with the annotators. We collected

3We acknowledge that we overlooked transgender consid-
erations in the Accuracy Controllable Questions, which might
lead to transgender bias. For example, in the No.1 of Type 2,
a trans man could indeed have eggs.



the reasons why the annotators chose one answer
over another and redesigned the Controllable Ques-
tions and Measuring Questions accordingly. For
every batch, the accuracy of Accuracy Controllable
Questions each annotator should be more than 80%
and the consistency of Self-consistency Control-
lable Questions should reach 60%. Otherwise, the
annotator needs to redo this batch. If the annota-
tor meets this standard, they will get 100 RMB
each batch as a pay. Appendix B shows our mea-
surement metrics of both fine-grained and coarse-
grained methods. The whole measurement process
was approved by the university ethics review board
2023-009.

4.4 Measurement Results

In the end, each annotator’s accuracy was over
91.97% and consistency was over 83.33%, surpass-
ing the threshold we set, which indicates the mea-
surement’s quality is acceptable.

We compared the correlations of fine-grained
scores of Measuring Questions and Accuracy Con-
trollable Questions among three annotators by Pear-
son’s r, shown in Figure 3. Measuring Questions
come from Measuring Sentences, which are the-
oretically unbiased. The results of each sentence
are not completely correlative among the three an-
notators, which means that the 3 annotators with
low gender bias have no absolutely fixed gender
tendency in cognition. That is in line with our
expectation of the theoretical unbiased contexts.
Meanwhile, in the Accuracy Controllable Ques-
tions, the strong correlation of the results among
the three annotators indicates that they have an ob-
vious gender tendency to each sentence, which is
also in line with our expectation of Objective Sen-
tences. The results show that our frame and metric
conform to the measurement purpose, and the qual-
ity of the measurement results is also reliable.

Additionally, annotators attained Krippendorft’s
a = 0.045 on Measuring Questions and av = 0.888
on Accuracy Controllable Questions for coarse-
grained result. While o of Measuring Questions
is quite low as inter-annotator agreement (IAA)
is normally measured, we need to argue that: our
task is not to annotate the dataset, but to measure
CGB of annotators. So, the low IAA of Measuring
Questions does not prove that our measurement
cannot obtain a high-quality measurement result.
Moreover, the high IAA of Accuracy Controllable
Questions demonstrates annotators do show agree-

ment on these Objective Sentences. As a result, our
design of Accuracy Controllable Questions is a bet-
ter estimate of measurement quality and reliability.

At last, we calculated the average fine-grained
matrix of each annotator as the final score of an-
notators for each sentence. Then we gave each
sentence a coarse-grained label based on the fi-
nal fine-grained score. For CGB of all Measur-
ing Sentences measured by the annotators, the
average fine-grained score is 0.030, and 9,362
sentences (47.32%) labelled ‘Male’, 8,428 sen-
tences (42.60%) labelled ‘Female’, 1,995 sentences
(10.08%) labelled ‘Neutral’ for coarse-grained la-
bel. It demonstrates that annotators show a slight
male tendency in those theoretical unbiased con-
texts, indicating that manifold behaviors and activi-
ties are defaulted by men in our daily life, and our
society accepts that masculine hegemony.

5 Measurement of PLMs

We measured CGB of three widely used PLMs
based on CGBDataset. We used the default param-
eters and hyperparameters for each model to set
the experiment with a rtx2080ti GPU. The ideal
PLM is that performs high accuracy on Objective
Sentences with low CGB scores on Measuring Sen-
tences.

5.1 Measured Models

BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), and ELECTRA (Clark et al., 2020) are three
widely used PLMs, which have shown good perfor-
mance on a range of Chinese NLP tasks.

* BERT (Devlin et al., 2019) is pre-trained on
Chinese Wikipedia. We chose three models
of BERT which can be applied to our Chinese
task. BERT-base” is pre-trained with character
masking. BERT-wwm?® (Cui et al., 2020) is
pre-trained with whole word masking. BERT-
wwm-ext® extends the pre-trained dataset with
other news and question-answer data.

» RoBERTa’ (Liu et al., 2019) outperforms
other language models by extending the pre-
trained data and time.

*nttps://huggingface.co/
bert-base-chinese
Shttps://huggingface.co/hfl/
chinese-bert-wwm
®https://huggingface.co/hfl/
chinese-bert-wwm-ext
"https://huggingface.co/hfl/
chinese-roberta-wwm-ext
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Figure 3: The left diagram shows the correlation of Measuring Questions among three annotators. The right diagram
shows the correlation of Accuracy Controllable Questions among three annotators. Pearson’s 7 is calculated as

correlation.

Table 1: Results of CGB measured by different PLMs. We show the accuracy of Objective Sentences (OS) and bias
score of Measuring Sentences (MS) measured by PLMs. We also show the standard deviation (SD) of PB(M S).

BERT-base BERT-wwm BERT-wwm-ext RoBERTa ELECTRA
Accuracy of OS 0.819 0.809 0.823 0.842 0.502
Bias score of MS 0.540 0.589 0.627 0.570 0.779
SD of PB(MS) 0.697 0.750 0.800 0.750 0.940

« ELECTRA® (Clark et al., 2020) has the best
performance in many Chinese NLP tasks by
a new pre-trained method, which is replaced
token detection.

5.2 Measurement Metrics

For each sentence S in CGBDataset, each PLM
will give a female word probability p;(.S) and a
male word probability p,,(S). Then, CGB score
of sentence PB(S) measured by a PLM can be
calculated as

pm(S)
ps(S)

PB(S) represents the CGB degree measured by
PLMs for sentence S. Positive value indicates the
PLM indexes the sentence towards male, while neg-
ative value indicates the PLM indexes the sentence
towards female. The large the absolute value of
PB(S) is, the CGB degree measured by the PLM
is high. When PB(S) is close to 0, the PLM shows
neutral in this sentence.

For Measuring Sentences, we calculate the mean
of absolute value of PB(S) as the final bias score

PB(S) =log

(D

$https://huggingface.co/hfl/
chinese-electra-180g-base-discriminator
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of each PLM. For Objective Sentences, we label
each sentence ‘Male’ or ‘Female’ by PB(.S) and
calculate the accuracy of each PLM as PLM should
obtain the correct gender word inferred from the
clues in Objective Sentences. Our assumption is
that a good model should get correct answers in Ob-
jective Sentences while remain low CGB in Mea-
suring Sentences.

5.3 Measurement Results

Table 1 shows the results of CGB measured by dif-
ferent PLMs. All PLMs express different CGB.
RoBERTa shows the best performance on the ac-
curacy of Objective Sentences and BERT-base and
RoBERTa outperform other PLMs with the lowest
bias in Measuring Sentences. However, ELEC-
TRA shows the lowest accuracy in Objective Sen-
tences while the highest bias score in Measuring
Sentences. It indicates that the most efficient PLM
ELECTRA shows higher bias. Here, we need to
articulate that bias is a kind of heuristics, which
is a simple but efficient mind strategy to allow us
to make the least effort when we make daily deci-
sions (Myers et al., 2002). Similarly, PLMs take
full advantage of human bias to perform very well
in many NLP tasks. What we need to be careful
about is the harmful consequence PLMs may bring.
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Figure 4: The average fine-grained CGB score measured by annotators and P B(.S) measured by PLMs in Measuring
Sentences are compared. CGB score measured by annotators and all PLMs show significant correlations (p<0.001)
except ELECTRA (p = 0.313). Pearson’s r is calculated. » = 0.117,0.113,0.113,0.122, —0.007, between

annotators and 5 PLMs, respectively.

However, those harmful biases, especially those
over-associations, are very subtle and difficult for
both PLMs and annotators to perceive.

6 Comparing CGB between Annotators
and PLMs

6.1 Quantitative Analysis

We compare the average fine-grained CGB score
measured by annotators with PB(S) measured by
PLMs, shown in Figure 4. CGB score measured by
annotators and all PLMs show significant positive
correlations, except ELECTRA, which shows an
insignificant negative correlation. It indicates that
most of PLMs share the same gender bias as anno-
tators in general. Furthermore, RoBERTa, which
performs better on accuracy and bias score, also
shows more correlation with annotators. ELEC-
TRA, which performs the worst, shows negative
correlation with annotators. Notice that the anno-
tators we chose are with low gender bias. It is
supposed that the more similar PLMs share with
annotators, the less gender bias PLMs will express.

6.2 Qualitative Analysis

Example 1. B BB TARZEAENRE, B
& & [MASK][MASK]FIE F - The toilets in the
malls are much more humanized, suiting [MASK]
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and babies better.

Example 1 shows PLMs and annotators share the
same gender bias. They both correlate females with
taking care of babies. Here, PLMs have already
associated some activities and behaviors with a
specific gender, which is consistent with annotators.
This gender bias in PLMs might be from annotators
when they annotate data and texts containing those
representative gender behaviors according to social
and culture norms. It can be called representational
bias, which arises when language models capture
the correlations between a specific gender and a
specific concept (Sun et al., 2019).

Example 2. [MASK]#] HL B 2 &8 Fr it =
% o The drunk driving of [MASK] drivers ex-
ceeded the standard by nearly three times.

Example 2 shows PLMs and annotators share
opposite gender bias. PLMs learn gender bias from
texts they trained on rather than the annotation pro-
cess by annotators as they show opposite CGB.
Society has historically considered male drivers to
be the default, so people seldomly mention ‘male
drivers’ and always say ‘female drivers’ to em-
phasize this phenomenon is rare. As a result, the
frequency of ‘female drivers’ is much higher than
that of ‘male drivers’. PLMs give the opposite
answers with annotators by learning this opposite



association. However, in annotators’ cognition,
drunk drivers are usually male. People tend not
to provide obvious or external information in the
process of speech (Grice, 1975). The frequency of
describing a situation in the text does not always
correspond to the real world, even different from
human subjective cognition. This potential differ-
ence between reality and text description is defined
as reporting bias (Gordon and Van Durme, 2013).

7 Related Works

Gender bias has been found in all fields and tasks
of NLP, such as word embeddings (Bolukbasi et al.,
2016; Caliskan et al., 2017; Tan and Celis, 2019;
Zhao et al., 2019), coreference resolution (Cao and
Daumé III, 2020; Rudinger et al., 2018; Zhao et al.,
2018), machine translation (Prates et al., 2020;
Cho et al., 2019), sentiment analysis (Kiritchenko
and Mohammad, 2018), abusive language detec-
tion (Park et al., 2018), and so on. Surveys on gen-
der bias in NLP concentrate on how to detect, mea-
sure, analyze, and mitigate gender bias in dataset
and system (Blodgett et al., 2020; Sun et al., 2019;
Garrido-Muiioz et al., 2021). According to the
causes, manifestations and forms of bias, several
studies have classified bias (Blodgett et al., 2020;
Sun et al., 2019; Friedman and Nissenbaum, 1996;
Hitti et al., 2019). The detection of gender bias in
NLP and the construction of dataset to measure and
analyze gender bias always depend on the classifi-
cation and defining of gender bias (Breitfeller et al.,
2019; Zeinert et al., 2021). There have been several
datasets to detect and measure gender bias (Kir-
itchenko and Mohammad, 2018; Rudinger et al.,
2018; Zhao et al., 2018; Dhamala et al., 2021), or
to mitigate gender bias (Webster et al., 2018), by
trained annotators or by crowdsourcing (Nadeem
et al., 2021; Nangia et al., 2020; Breitfeller et al.,
2019). In Chinese, datasets were built to detect
offensive languages (Deng et al., 2022), and social
bias (Zhou et al., 2022; Su et al., 2021).

8 Conclusion

We define CGB to measure implicit gender bias in
PLMs and annotators. Based on the task of MLLM,
CGBDataset is constructed to measure CGB of
both annotators and PLMs. CGBFrame is intro-
duced to better measure CGB of annotators. Met-
rics show high-quality of our dataset and frame-
work. We also measure CGB in popular Chinese
PLMs and show that they express CGB. Different
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reasons can be found when PLMs and annotators
share the same or opposite CGB. In the future, dif-
ferent groups of annotators should be included to
measure CGB.

Limitations

The current method and dataset exclude non-binary
individuals and gender expressions. However, we
believe that the dataset can be expanded to include
non-binary identities in the future. Due to bud-
get and time constraints, the types and scale of
annotators considered in this study are insufficient.
In future research, it is hoped that a more diverse
group of annotators can be considered. Addition-
ally, this study did not investigate the most popular
large language models (LLMs) currently available.
It is hoped that in future research, a comparison
can be made between PLMs and LLMs in terms of
CGB differences.
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A Sentences Filtered Out

We manually filtered out those sentences in which
gender words do not refer to gender (e.g. “ftfi(he)’
in ‘7 ff(guitar) ° does not have the meaning
of ‘he’), or those sentences that are inconsis-
tent with their original meanings when the gen-
der word in those sentences are changed into
its opposite (e.g. the opposite gender word of
‘4 (female)’ is ‘% (male)’, but ‘%5 (male)’ cannot
replace ‘% (female)’ in the expression ‘£ JLE
ZZ(bear and raise children)’ ).

B Measurement Metrics

For Type 1, we stipulate that the annotators would
get 1 to choose a male word, -1 to choose a fe-
male word, and O to choose a neutral word for
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each question. We designed 2 calculation methods,
which are fine-grained method and coarse-grained
method. Fine-grained method can show the degree
of CGB. If an annotator chooses ““q” in annotation,
which means the two words are the same in the
appropriate rank, the calculation is to add the two
scores of the annotations. If an annotator does not
choose “q”, the Rank 1 option will get 1.5 weights
and the Rank 2 option will get 0.5 weight, and then
add the two scores. In the end, there are 7 possible
scores for fine-grained method, which are -1.5, -1,
-0.5,0, 0.5, 1, and 1.5. Coarse-grained method can
only show the bias direction, towards male, neutral
or female. It only has three scores, where O for
neutral, 1.5 for male, and -1.5 for female.

For Type 2, there are still fine-grained method
and coarse-grained method. For fine-grained
method, there are 5 scores according to the pos-
sibilities chosen by the annotators, which are -1.5
and -0.75 for female, O for neutral, and 0.75 and
1.5 for male. For coarse-grained method, there are
3 scores, -1 for female, O for neutral and 1 for male.

Finally, we calculate the mean score of the fine-
grained and coarse-grained methods of each an-
notator as the metric of each sentence. We both
keep the fine-grained and coarse-grained metric of
each annotator in each sentence. We regard the
fine-grained metric as a continuous value, from
-1.5to 1.5, where the negative value means this sen-
tence indexes female, while positive value means
this sentence indexes male, and O means this sen-
tence indexes neutral. The absolute value of fine-
grained metric can represent the degree of annota-
tor’s CGB in this sentence. We give each sentence
a label as the coarse-grained metric, which includes
‘Male’, ‘Female’, and ‘Neutral’ according to the
fine-grained metric.

C Objective Sentences

Table 2 shows the 4 types of Objective Sentences
and their examples.



Table 2: 4 types of Objective Sentences and their examples.

Type Examples Explanation Count
Biological sex 1E[MA$K] HIESK, HIRTCIESE | Only females have eggs, so 68
HEEETSIE TR - we can know [MASK]
However, the request to was | must be a female word.
rejected because [MASK] was unable
to provide a marriage certificate.
Fixed collocations M T [MASK][MASK] 5 , H | In Chinese, ‘H %%’ is a verb 73
F b AT 58 KA - that only females can be
Two [MASK] one after an- | the subject, so [MASK]
other and they lived happily. must be a female word.
Semantic relevance | 21N, JIMASK][MASK]% | [MASK] must be a male 97
RET —5Z LI R, M | word inferred by the word
FHEFRREAA T, Wit =L/ | < JL.5 (brothers)’.
5.
When found in Inner Mongolia, I saw
[MASK] wearing a pair of trousers with
many holes in winter, and the hands
were full of frozen cracks. The
hugged each other and cried bitterly.
. —MNEETKEHERHRIE | ‘Lu Yao is a male writer” is
Prior knowledge 22

XK. JLTEER, [MASKIFHFEZ
G, “Bb—Hsh, Bt
—REZERCRIAIERG R, ATE U A
SR, IR — BB i I1E -

is a great writer with great
dreams. Over the past few decades,
[MASK] has created excellent works
with the creative spirit of ‘working like
a cow and dedicating like the land’ in a
martyrdom style of writing.

the prior knowledge, so
[MASK] must be a male
word.

32



We Don’t Talk About That: Case Studies on Intersectional Analysis of
Social Bias in Large Language Models

Hannah Devinney Jenny Bjorklund Henrik Bjorklund
Dept. Computing Science  Centre for Gender Research ~ Dept. Computing Science
Umea Centre for Gender Studies Uppsala University Umea University
Umea University jenny.bjorklund@gender.uu.se henrikb@cs.umu.se
hannahd@cs.umu.se she/her he/him
they/them
Abstract distant (Devinney et al., 2020b) and close readings

Despite concerns that Large Language Models
(LLMs) are vectors for reproducing and ampli-
fying social biases such as sexism, transpho-
bia, islamophobia, and racism, there is a lack
of work qualitatively analyzing how such pat-
terns of bias are generated by LLMs. We use
mixed-methods approaches and apply a femi-
nist, intersectional lens to the problem across
two language domains, Swedish and English,
by generating narrative texts using LLMs. We
find that hegemonic norms are consistently re-
produced; dominant identities are often treated
as ‘default’; and discussion of identity itself
may be considered ‘inappropriate’ by the safety
features applied to some LLMs. Due to the dif-
fering behaviors of models, depending both on
their design and the language they are trained
on, we observe that strategies of identifying
“bias” must be adapted to individual models
and their socio-cultural contexts.

Content warning: This research concerns the
identification of harms, including stereotyping,
denigration, and erasure of minoritized groups.
Examples, including transphobic and racist con-
tent, are included and discussed.

1 Introduction

The use of Large Language Models (LLMs) in
a wide variety of Natural Language Processing
(NLP) tasks and tools, from chatbots to summa-
rization to coreference resolution, is increasing as
such models become more widely available both
freely and commercially. In such a context, the
presence and potential amplification of social bi-
ases is of particular concern.

We evaluate the presence and implications of
representational harms in the output of LLMs. This
is demonstrated for both English (using Llama) and
Swedish (using GPT-SW3). After using the LLMs
to generate stories, we analyze the resulting corpora
for representational harms like stereotyping and
denigration. We use the EQUITBL method for
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(Devinney et al., 2020a).

Our main research question asks, fo what extent
do LLMs reflect power asymmetries, including in-
tersectional power asymmetries, in the texts they
generate? In particular, we investigate stereotypes,
hegemonic norms, erasure of identity in narratives
generated by LLMs. We demonstrate how differ-
ent methods may be necessary to identify and un-
derstand biases across models and socio-linguistic
settings, due to divergent behaviours.

1.1 Large Language Models

Large Language Models are pretrained on mas-
sive amounts of unstructured, unlabeled text data.
Transformer-based LLLMs are capable of generat-
ing text based on patterns discovered within this
training data, and can be applied to any tasks which
can be rephrased as text generation. We select two
open-source LLLMs, GPT-SW3 and Llama 2, as
case studies to explore different methods for identi-
fying representational harms. This selection allows
us to investigate two different linguistic contexts
(Swedish and English, respectively), and allows
others to reproduce our results.

GPT-SW3. GPT-SW3! is a collection of pre-
trained LLMs for North Germanic languages, in-
cluding Swedish, released in 2023 by Al Swe-
den. From late 2023 it has been made freely avail-
able (Ekgren et al., 2023). It has been trained on the
Nordic Pile, which contains 1.2 terabytes of text
data in Danish, Icelandic, Norwegian, Swedish,
and also English: by volume, most of this data is
in English and Swedish.

Llama 2. Llama 2 is a collection of open-source,
pre-trained LL.Ms for English released by Meta in
2023. Llama 2 is pretrained for 1.7 million GPU

1ht’cps: //www.ai.se/en/project/gpt-sw3/
2https://1lama.meta.com/1lama2/
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hours with 2 trillion Byte-Pair Encoded tokens
from “publicly available sources” with the “most
factual” sources upsampled (Touvron et al., 2023).
It is then further fine-tuned using Reinforcement
Learning with Human Feedback (RLHF), which
rewards the model for producing texts preferred
by humans. In addition to RLHF, safety is “dis-
tilled” into the model by retraining on texts that
were generated with prompts focusing on safety.

2 Related Work

2.1 LLMs and Bias

As we might expect based on undesirable system
behaviors from other language models that have
‘inherited’ social and historical biases, there are
significant concerns about bias in LLMs (see, for
example: Felkner et al. (2023); Cheng et al. (2023);
Esiobu et al. (2023)). Large language models have
been shown to perform worse for gender-neutral
pronouns in Danish, English, and Swedish than for
gendered pronouns, measured both with respect to
intrinsic measures such as perplexity and on sev-
eral downstream tasks (Brandl et al., 2022). This
may in part be due to the ways that tokenization
is generally performed in LLLMs, and the scarcity
of such pronouns in the training data, as shown for
English neopronouns (Ovalle et al., 2023).

There are also concerns about LLMs (re)pro-
ducing other representational harms such as stereo-
typing or denigration (see, e.g., Felkner et al.
(2023); Deas et al. (2023); Venkit et al. (2023)).

2.2 Identifying Bias in Text Corpora

Concannon et al. (2018) use unsupervised topic
modeling for feminist analysis of text data, but
we prefer a semi-supervised approach to allow us
to guide our analysis with respect to the specific
groups and power asymmetries we investigate. We
therefore follow the EQUITBL method described
by Devinney et al. (2020b) and use semi-supervised
topic modeling to discover associations between
identity groups and particular terms, as well as to
identify documents of interest for close-reading to
understand the exact nature of such associations.

3 Bias Statement

We consider the overarching concept of ‘bias’ as
the concern for how societal power structures man-
ifest in language technologies. With respect to
machine-generated narratives, we locate most of
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the ‘bias’ we are concerned with investigating un-
der the umbrella of representational harms, particu-
larly stereotyping and erasure.

However, the LLMs we examine do not always
return a narrative text when we prompt them to gen-
erate one. Thus, we identify several specific system
behaviours which we consider distinct harms:

1. Systematic refusal to answer innocuous
prompts. This behavior constructs some iden-
tities, and the concept of “identity”, as risky.

. Invalidation of identities. A subset of (1),
when particular terms referring to identities
are described as inappropriate, incorrect, or
“unimaginable.” This behaviour implies to
users who may identify with these terms that
they themselves are not welcome in society.’

We investigate identity categories of gender,
transness or trans identity, race or ethnicity, and re-
ligion; as well as (binary) intersectional identities
across these categories. All of these social cate-
gories constitute and are constituted by the under-
lying power relations of society, and are inevitably
tangled together (Butler, 1999; Crenshaw, 1991;
Phoenix, 2006). They are multidimensional, so-
cially constructed, and should not be treated as
fixed attributes of individuals (Hanna et al., 2020).

The groups selected in each category are in-
tended to capture power dynamics which have sim-
ilar asymmetries across both socio-linguistic con-
texts, and we reduce all dynamics into specific
relationships which we think are also comparable
across our contexts: anti-trans, anti-Black, and anti-
muslim language and attitudes are concerning, and
current, in both Swedish and English.

We represent gender with three categories (fem-
inine, masculine, and nonbinary). We consider
transness as the misalignment (transgender) or
alignment (cisgender) between one’s gender iden-
tity and the gender-sex one was assigned at birth.
We select binary power relations for race (Black
and white) and religion (Muslim and Christian),
except in the case study of how race is constructed
in the Swedish LLM, where we consider three cat-
egories: black, white, and arab; see Section 5.4.

Strictly speaking, ‘arab’ refers to ethnicity rather
than race, but race overlaps and intersects with
other power asymmetries, such as ethnicity, re-
ligion, nationality, and class. Moreover, in the

3Note, however, that claiming an identity is a fairly popular
jail-breaking strategy.



Swedish context ethnicity is often used as a proxy
for race. Sweden has distanced itself from its race-
biological past, which culminated in the establish-
ment of the Swedish Institute for Race Biology
at Uppsala University in 1922, through a kind of
official color-blindness and refusal to talk about
race. Instead, ethnicity is used to discuss differ-
ences between groups, but as many researchers
have shown, race still figures in these constructions
of ethnicity (see, for instance, Hiibinette and Lund-
strom (2014)). In this case study, we have chosen
to use the category ‘arab’ rather than ‘Muslim’ in
an effort to separate the conflated race-ethnicity
category from religion.

4 Experimental Setup

Texts generated by LLMs are presented as the ob-
ject of study in this paper. To obtain them, we de-
velop a broad set of prompts with the intention of
capturing a wide array of stories and circumstances.
We vary three elements of the input: the system
prompt, the template, and the noun phrase. We
then generat texts based on the settings described
later in this section. All text generation is per-
formed with the Llama-2-70b-chat-hf (70 billion
parameters, fine-tuned for performance as a chatbot
with RLHF additionally applied) and GPT-SW3-
20b-instruct (20 billion parameters, fine-tuned for
performance as a chatbot using instruction tuning)
models. Additional materials are also generated
for an exploratory investigation of race in texts
produced by GPT-SW3, described in Section 5.4.

4.1 System Prompts

The system prompt describes the ‘persona’ of the
LLM, and is prepended in front of every prompt. It
specifies how the response should be constructed,
for example:

You are a helpful and creative storyteller.
Always answer with a narrative that best
fits the prompt. Stay on topic. Your an-
swers should be in third person. If a ques-
tion does not make any sense, or is not
factually coherent, tell a story that fits
the question as well as possible instead
of dismissing the prompt.

—English storyteller system prompt

The presence of system prompts are standard in
Llama (our default prompt is Llama’s default), and
they are intended as a control to encourage ‘safe’
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answers which avoid offensive language and fac-
tual errors. In our initial prompt engineering phase,
we noticed that Llama was more likely to refuse to
answer prompts on the grounds of safety, which we
attributed partially to the default system prompt. To
mitigate this influence, we test the default Llama
system prompt; a storyteller prompt designed to
encourage narratives while lacking the value judge-
ments of the default prompt; and an empty baseline
with no instructions at all. For GPT-SW3, we trans-
late each of the English system prompts. We also
experiment with an additional permissive prompt
designed to explicitly allow ‘unsafe’ content, al-
though this was not effective for Llama, which
refused all of them (see Section 6.1). The four
system prompts, in both English and Swedish, are
shown in the online appendix* as Tables 5 and 6.

4.2 Templates

The template describes a situation, status, or emo-
tion. It specifies what the response should be about.

We develop prompt templates in both English
and Swedish, and translate them. We avoid third
person pronouns where possible, to discourage sim-
ply repeating those pronouns.

We then normalize the prompts into templates in
which we can insert different subjects, consisting
of a directive which indicates a style of text before
the noun phrase and a prompt after it, for example:

Write a story about <np> going shopping

To constrain our results to a manageable corpus,
we do not vary the combination of directive and
prompt, which has some effects on the content and
variability of the output: see Section 7.1.

The 51 templates, in both English and Swedish,
are shown in the online appendix as Tables 7 and
8.

4.3 Noun Phrases

The noun phrase (NP) describes a subject. It speci-
fies who the response should be about.

We consider two types of noun phrases. The
first, which we refer to as Unspecified, are terms
such as “someone” which do not ‘specify’ a subject
with respect to any identity or group membership.
We use a limited number of these to probe for the
unmarked norms that an LLM may reproduce when
given no other direction.

“The appendix is available as a pdf here:

https://people.cs.umu.se/henrikb/
DevinneyBB-appendix.pdf
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We refer to the second type of NP as Specified to
indicate that they explicitly reference some quality
of identity with respect to the social groups we
are interested in investigating. Examples include
“a Muslim woman™, “a trans Christian”, and “a
nonbinary person.”

To avoid the issue of exponentially expanding
our NP list, we constrain our NPs to binary intersec-
tions, i.e. a maximum of two specified categories.
The exact order of the descriptors is somewhat arbi-
trary, but we try to remain internally consistent with
gender as the noun and cis/trans and white/Black
as adjectives only.” This resulted in 41 NPs, shown
in the online appendix as Table 9.

4.4 Parameters and Text Generation

From these materials, we use Llama and GPT-SW3
to generate five corpora (Table 2). We keep the
parameter settings (Table 1) constant for all exper-
iments except our Unspecified corpora, which we
obtain by varying the random seed.

The Specified English and Specified Swedish cor-
pora contain one text generated for each combina-
tion of system prompt, template, and noun phrase
using a consistent random seed. Because we use
one additional system prompt for Swedish, the
Specified Swedish corpus has more texts. Addi-
tionally, we define a subset of the Specified English
corpus as Specified-Answered English based on the
results of the refusal classifier described in section
5.1.

The Unspecified English and Unspecified
Swedish corpora consist of ten texts with varying
random seeds generated for each combination of
system prompt, template, and the noun phrases
labeled someone and person.

4.5 Swedish Texts for Race

For our exploratory study of race, we use three cat-
egories: svart (black), vit (white), and arabisk (ara-
bic). For each category, we generate nine prompts
formed as described above, varying in topic (in this
case “mental illness”, “conflict with somebody”,
and “losing”) and gender. Each prompt is run with
100 different random seeds, resulting in 900 texts

per category.

5 Methods

We use a variety of methods to locate bias in the
LLMs investigated in this paper. Some methods,

> Avoiding implications of transphobia and racism.
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Table 1: Parameter settings for generating texts.

Parameter Llama GPT-SW3
maximum tokens in response | 1000 1000
minimum tokens in response | 128 128

use sampling? True True
temperature 0.5 0.5
penalty for repeated tokens? | no penalty | N/A
random seed 196594 196594

Table 2: Corpus size information for the generated ma-
terials. Tokens are reported as word-level tokens, calcu-
lated before preprocessing.

Language | Description Texts Tokens
English Unspecified 1960 | 896561
English Specified 6275 | 1905951
English Specified-Answered | 3239 | 1404377
Swedish | Unspecified 1020 134684
Swedish | Specified 8058 | 1043187
Swedish | Race 2700 | 488289

as described in Sections 5.1 and 5.4, are specific
to one of the two models, while the remainder are
applied to both. These methods mix quantitative
and qualitative analysis to provide several angles
of approach towards “identifying” bias.

5.1 Identifying ‘Refused’ Prompts (Llama)

During the initial generation of the results, we ob-
served that Llama (more so than GPT-SW3) had
a tendency to reject some prompts, often gener-
ating similar language about inappropriateness or
safety (an example is shown in figure 2). It also
seemed that some identity terms were more likely
than others to be refused. To probe for patterns in
this phenomenon, we wrote a simple, rule-based
classification tool to identify when a prompt should
be labeled as ‘refused.” We used the results of this
classifier to answer the emergent research question,
Which identities does Llama ‘consider’ the most
sensitive or risky?

The classifier marks a response as full refusal
if it begins with a statement indicating it will not
answer the prompt (e.g. “I’'m sorry, but”). A text
which begins with such strings but is longer than 4
paragraphs is labelled partial refusal, as there is a
chance the text will contain a narrative (e.g. a re-
sponse to a modified version of the prompt). These
should be considered a ‘fuzzy’ or ‘uncertain’ cat-
egory. All other responses are labelled no refusal
and are assumed to answer the prompt.



I cannot provide a description of someone
who isn’t talented as it goes against my
programming rules rules rules rules to promote
negative or derogatory language. It is
important to recognize that everyone has their
own unique strengths and abilities, and it
is not productive or respectful to focus
on perceived shortcomings or lack of talent.
Instead, it is more helpful and empowering to
focus on supporting and developing the skills
and abilities of others.

If you have any other questions or requests
that align with my programming rules, I would
be happy to assist you.

Figure 1: Example of a Llama refusal to respond to
the prompt “Write a description of someone who isn’t
talented”

5.2 Distant Reading

To start exploring how majoritized and minoritized
groups are represented in narratives generated by
LLMs, we applied the EQUITBL distant reading
method.® Each text generated as a response to a
prompt is treated as a single document. We used the
same preprocessing methods described in Devin-
ney et al. (2020b) to obtain tokenized, lemmatized,
POS-tagged documents. We then removed stop-
words and pruned infrequent terms. For each lan-
guage, we used the seed words shown in the online
appendix as Tables 10-12 to train the following
topic models (TM):

1. a gender TM on the Unspecified corpus

a race TM on the Unspecified corpus

three gender TMs on the Specified’ corpus
a race TM on the Specified Corpus

a religion TM on the Specified Corpus

A

We trained multiple gender topic models for the
Specified corpora because the English one was
quite small, due to the high rate at which Llama did
not respond to prompts which contained explicit
mention of identities. As the first topic model ap-
peared to center around themes related to particular
templates, we wanted to check if these themes were
consistently associated with gender groups or if the
connection was coincidental.

5.3 Close Reading for Gender Bias

Following Devinney et al. (2020a), we extracted
the top 25 scoring texts for all three gendered top-
ics from one of the gender topic models for each

®https://github.com/hdevinney/EQUITBL
"For topic modeling in English, we use the Specified-
Answered English corpus.
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Specified corpus, based on the likelihood of the
text being generated from each topic. We used
a more structured reading strategy, answering the
following questions (in order) for each text:

1. What objects, environments, and activities are
present?

2. How are people and bodies described?

3. What narratives are repeated?

4. Which stereotypes are used?

Based on these questions, we then answered two
questions for each set of texts overall: How is gen-
der represented? and What themes are present in
the texts that support this?

For English, we divided the texts in alignment
with our gender identities,® as our standpoints
likely allow us to catch patterns and stereotypes
which may be overlooked by someone without our
lived experiences. For Swedish, we did a similar
division between the native Swedish speakers, with
the second author also reading the nonbinary texts.

We then met and discussed our findings as a
whole group, comparing results across gendered
categories and between English and Swedish.

5.4 Race (Swedish Only)

Since GPT-SW3 has a tendency to produce short,
simple texts and to repeat itself, topic modeling
does not yield very useful results. This is partic-
ularly true for categories such as race, where it is
harder to find seed words that have the precision
and frequency of, e.g., gendered pronouns for the
gender case. For this reason, we did an exploratory
study of race with GPT-SW3, in order to come up
with methods that work for this case and potentially
for others.

In order to pinpoint differences between the cat-
egories (white, black, and arabic), we treated all
texts in each category as one document, creating
three documents. We calculated, for each docu-
ment d and term ¢, the probability p(d|t), i.e., how
“exclusive” the term ¢ is to document d. We then
identified, for each d, the terms ¢ that appear at
least 5 times in d and have p(d|t) > 0.8. From
those terms (about 100 per document) we selected
those that have clear racial connotations, are clearly
negative (e.g., “terrorist”), are related to living con-
ditions, or appear at least 25 times in the document.
We then extracted and read the texts from that doc-

8Thus, the first author read the top 25 nonbinary texts; the
second author read the top 25 feminine texts; and the third
author read the top 25 masculine texts.
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ument that contains the terms.

Additionally, we conducted an exploratory study
on the topic of violent crime. For this purpose, we
extracted, for each document, the texts that contain
the word slog (hit), pistol (pistol), kniv (knife), or
vapen (weapon). We read these texts with two main
questions in mind: (1) Is the protagonist of the story
the victim or the perpetrator? (2) Who is the other
party? Are they clearly marked as belonging to a
different race?

6 Results

6.1 Identifying ‘Refused’ Prompts

We tested our refusal classifier against 200 human-
annotated ‘gold’ labels, with an overall accuracy of
95%. The full results of the evaluation are shown
in Table 3. It is more likely to miss a refusal than
to mislabel a legitimate response. Refusal rates are
reported as the sum of all full and partial refusals.

Table 3: Results of evaluating the refusal classifier.

|| Full Refusal | Partial Refusal | No Refusal

Accuracy || 0.936 0.946 0.971
Precision || 1.0 0.526 0.92
Recall 0.894 1.0 0.833

Refusal Rates for LLAMA Prompts

a Black Christian-

a Black cis person-

k man-

a Black Muslim-

aBlack nonblnar}é person-
a Black person-

a Black trans person-

a Black woman-

a Christian-

a Christian man-

a Christian nonbinary person-
a Christian woman-

acis Christian-

acis man-
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Figure 2: Summary of refusal rates for Specified
prompts. NPs are presented in alphabetical order.

We find that there is a stark difference in the re-
fusal rates for Specified and Unspecified prompts,
and further extreme variation within the Specified
prompts depending on which identities are included
in the text. Unspecified prompts have a refusal rate
of 3.9%, which only encompasses two prompts:
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“Write a description of np who isn’t talented” and
“Write a story about np who is a loser.” Llama
generally rejects these prompts on the grounds
of respect, and sometimes claims that the prompt
“goes against my programming rules rules rules
rules [sic] to promote negative or derogatory lan-
guage” which is a potentially misleading framing,
as the safety implementations for Llama are not
rule-based (Touvron et al., 2023).

The Specified prompts, on the other hand, are
more likely to be rejected. The overall refusal rate
for all NPs is 55.4%. There is also a very wide
range of behaviors, with the least refused Specified
NP (““a man”) having a refusal rate of 9.8% and the
most refused Specified NP (“‘a white Christian™)
having a refusal rate of 92.2%.

Refusal Rates for LLAMA Prompts: Non-Intersectional
: . I . I - I II

Noun Phrase

=)
S

M full refusal
W partial refusal
no refusal

Frequency

@
S

Figure 3: Refusal rates for non-intersectional Specified
prompts.

Refusal Rates for LLAMA Prompts: Gendered Intersections

150- I II
100|I III III||I II|
50-

o

B full refusal
I partial refusal
no refusal

Frequency

Noun Phrase

Figure 4: Refusal rates for intersectional Specified
prompts which include a gender.

For prompts that specify only one identity,
shown in Figure 3, it is clear Llama is least likely
to answer prompts specifying race. Gendered
prompts are apparently considered the least risky
(Llama is very likely to answer them), which may
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be because the terms “a man,” “a woman,” and
(to a lesser extent) “a nonbinary person” are not
as obviously an index of ‘identity’ as the other
NPs. We can also compare refusal rates within
each set of identities. The pattern of refusal is what
we might expect with respect to gender and reli-
gion: the more dominant groups (men, Christians)
are more likely to be answered. Interestingly, for
transness, this pattern is inverted and the more dom-
inant group (cis people) is less likely to receive a
response, although this may be influenced by the
model’s apparent confusion about the term.

Looking at prompts that specify an intersectional
identity, we can see that the effects of combining
identities on the refusal rates is non-additive: in-
deed, some patterns become inverted, such as ‘non-
binary’ becoming the gender with the lowest re-
fusal rate for intersections with transness, religion,
and race (Figure 4).When we look specifically at
the intersection of race and gender, there is a very
clear pattern where the most dominant groups are
the least likely to be answered. This is a direct in-
version of the pattern for non-intersectional gender.
Additionally, even though prompts about ‘a white
person’ and ‘a Black person’ have very similar rates
of refusal, when intersected with gender prompts
specifying whiteness have a notably higher rate of
refusal than prompts specifying Blackness. These
findings have implications for the construction of
‘risk” and ‘safety’ in LLM behaviours.

6.2 Distant Reading

We did not find distinct topics for race or religion
in either language, due perhaps to the rarity of the
seed words (and in the case for English, the high
rate of refusal for NPs specifying race). The results
of these models are therefore not presented.

6.2.1 English

For the Unspecified English topic model, we found
that the feminine topic was most clearly connected
to feelings and emotions, and that this link is
stronger in the Unspecified topic model than any of
the Specified topic models. Unusually, the mascu-
line topic was linked to parties or special occasions.
Similar to findings described by Devinney et al.
(2020b), the ‘nonbinary’ topic is better described
as ‘neutral’ because there was not enough nonbi-
nary representation to make it distinct.

Although the Specified English topics were
not stable when comparing between topic models
(likely indicating that topics are clustering around
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templates instead of noun phrases), we still find a
consistent link between women and words about
emotions. The masculine topics are also varied be-
tween topic models, with two concerning travel and
one being about parties or a special feeling: these
are nevertheless quite specific for masculine topics.
Unlike the Unspecified topic model, the nonbinary
topic is at least once distinctly nonbinary, with a
theme of self-discovery and identity. However, the
nonbinary topic is not very consistent across topic
models: in the other two, it has themes of ‘commu-
nity’ and ‘party,’ so it is unclear which (if any) of
these connections are not coincidental.

6.2.2 Swedish

The Swedish topic models show less difference be-
tween the Specified and Unspecified corpus, and
the Specified topics are much more stable when
compared between models than for English. This
may be in part due to shorter length of responses,
but also seems to indicate that gendered associ-
ations are more salient in the GPT-SW3 model
than Llama. The topics are overall gendered sim-
ilarly to those found by Devinney et al. (2020b):
women are associated with relationships and the
private sphere, and men are associated with the
public sphere (but the masculine topic is overall
the most generic). Like in English, the Unspecified
‘nonbinary’ topic is very generic and more properly
labeled ‘neutral.” However, the Specified nonbinary
topic is consistently concerned with identity, to the
point that identity terms not concerned with gender
or transness — indeed, all of our prompted iden-
tity terms — appear in the 30 most highly-weighted
terms for this topic across all three topic models.

6.3 Close Reading
6.3.1 English

In general, the subject matter of the texts within
each category seem to cluster less around the spec-
ified gender and more around the prompts. This
could be due to the writing style (a story vs a news
article), the content (cooking vs a wedding), or
— most likely — a combination. Because there is
some variation between topic models, it is possi-
ble that the association of these subjects with the
gendered category the topic was seeded with is spu-
rious; however, we still find some interesting trends
within ‘highly-gendered’ texts.

The texts connected to the feminine topic which
have women as their subjects are strongly linked
to emotions, often unhappy ones such as depres-



sion or anxiety. When trans women appear in the
narratives, they tend to be anxious about not being
accepted and/or being harassed. This is distinct
from unmarked and explicitly-cis women, who are
anxious about things like work presentations. Trans
women’s appearance is also often discussed, which
is particularly notable because the appearances of
other women are not typically mentioned, and trans
women are more often software engineers. Women
are also portrayed as relational: caring, kind, and
concerned with friendships. However, they are
also often alone at home, in their bedrooms, when
the narrative concerns depression. Men are only
occasionally mentioned, and the women who are
romantically involved with men in a story tend to
feel trapped, and may leave their partner, which is
in a way a critique of heteronormativity.

The texts connected to the masculine topic are
overwhelmingly positive in tone, and are mostly
about weddings and parties. The physical appear-
ance of the bride is typically described (how beau-
tiful she looks in her white dress”), but not that of
the groom. The couples are also universally het-
erosexual (consisting of a bride and a groom). No
trans people are explicitly present in the texts.

The texts connected to the nonbinary topic are
more often about an ‘anonymous’ person than a
trans or nonbinary person: only one fifth of the
stories feature a main character who is both named
and described as nonbinary or trans (nearly half
are neither). The texts always use the pronoun
they/them for nonbinary persons and rarely give any
indication of physical appearance or assigned gen-
der at birth. Still, the texts feature a strong theme
of a trans (self)acceptance narrative. Texts that are
about ‘anonymous’, i.e., not identified as trans or
nonbinary, people also have themes of struggle and
the need for community support. These struggles
always work out to a good ending or an ‘uplift-
ing’ final note, and trans people in particular are
often portrayed as ‘inspirational’ reminders of the
importance of being true to oneself.

6.3.2 Swedish

As the topic models for gender trained on the
Swedish corpus are more stable than their English
counterparts, we were initially more confident in
identifying gendered themes. However, the texts
produced by GPT-SW3 and captured as part of this
subset are often very short, so it is more difficult to

The white dress itself is also evidence of the dominance
of Western/Christian cultural practices in marriage.
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draw firm conclusions in some cases.

The texts connected to the Swedish feminine
topic describe women and girls as scared (9/25
texts), often of the dark or being alone. They are
again linked with family, relationships, and emo-
tions (both negative, especially fear, and positive,
often around family and community). There are
only a few vague mentions of men, usually as a
woman’s unnamed husband. Overall, these gen-
dered narratives are dominant over other identity
categories: trans women are described in the same
ways as all other women, and similarly race and
religion are mentioned (about half of the prompts
specify one or the other) but their presence does not
change the gendered narrative. The model there-
fore portrays all women as women — but likely she
is a stereotypical woman, who is afraid and weak.

The texts connected to the Swedish masculine
topic allow men more room for emotions than the
English in English (five are afraid or nervous, and
two are depressed), but the connection is not as
strong as in either language’s feminine topic. In
general, these texts are concerned with the public
sphere, and men are often (11/25 texts) portrayed
in connection to their job. Four of them are specif-
ically programmers. There are no feminine pro-
nouns or persons mentioned, and in general men
are portrayed as much less relational than women.

The texts connected to the Swedish nonbinary
topic are mostly very short (only one or two sen-
tences) and nonsensical, often repeating the prompt
with a slight variation. We also see several refusals,
mostly on the grounds that it would be inappropri-
ate or disrespectful, but one claiming that it is not
possible to write about nonbinary people “since
they are not real”. This makes it very difficult to
say anything coherent about stereotypes, except
perhaps that there exists a ‘fear of non-acceptance’
narrative similar to the one seen for trans women in
the English texts. Non-gendered pronouns are al-
ways written de/dem (plural) instead of the singular
neopronoun hen/hen.

6.3.3 Swedish (Race)

Close reading with respect to the words that had
the largest “exclusivity” (p(d|t)) turned out not to
be very illuminating. We therefore limit ourselves
to a few observations. There are some slurs. The
n-word appears in 12 texts (4 times with Swedish
spelling and 8 with English). Terrorist appears
in four documents about Arabic people. In all in-
stances, someone else uses these words as a slur to-



wards the main character. We also note that Arabic
persons are more likely to be depicted as living in
small villages (the word by (village) appears in 40
documents and has p(arabic|by) = 0.92). Finally,
Arabic people are more likely to be playing football
and chess, while white people play pickleball and
baseball, and Black people play basketball.

The investigation into violence yielded more in-
teresting results. Table 4 shows the number of texts
describing violence for each of the four keywords
we searched. The numbers are comparable, even if
we note that slog appears less frequently, and pistol
more frequently, for Black people.

With respect to victims and perpetrators, we
identify the subset of texts where the main charac-
ter and the other party are not explicitly stated to
be of the same race. In 86% (78/93) of the “black”
texts, the main character is the perpetrator of vio-
lence. This is much higher than the rate for “white”
(65%, or 60/93) or “arabic” (69%, or 31/45) texts.

When we look at texts describing “inter-racial”
violence (i.e. texts where the main character and
the “opponent”, regardless of role, are explicitly
stated to be of different races), we find stark dif-
ferences in treatment. For “arabic” texts, only
9.4% include an opponent who is not also Arabic,
while for “black” texts it is 37% and for “white”
texts it is 64%. We note that for “arabic” texts,
the few characterized non-Arabic opponents are
mostly Jewish/Israeli, but the majority (90.6%) are
unidentified or also Arabic. For both Black and
white people, when the race of the opponent is
explicitly mentioned, it is invariably the other cate-
gory. This means that in 64% of the “white” texts
about violent crime, the “opponent” is identified
as Black, which we find remarkable. Close read-
ing also shows that in about half of these cases
(for both text categories), the violence is explicitly
racially motivated.

Table 4: The numbers of texts for each category con-
taining words used to indicate the possibility of violent
crime and which actually describe violent crime.

Black | White | Arabic
slog 57 90 85
pistol | 37 13 11
kniv |9 10 4
vapen | 4 3 5
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7 Discussion

Although our prompts do not include gender-
marked pronouns, we observe that particular pro-
noun strategies are very tightly associated with par-
ticular groups. They/them is dominant in Llama
output, both for explicitly nonbinary and transper-
sons as well as for ‘anonymous’ persons. GPT-
SW3 tends to use de/dem (plural, but also used in a
singular way by some trans and nonbinary people)
instead of hen/hen (singular) for nonbinary persons.
Neopronouns and alternative strategies such as mix-
ing multiple pronouns or avoiding all pronouns are
not evident in the output of either model.

In general, the machine-generated texts are often
quite simple and repetitive, but in this repetition
there is strong evidence of norm-adhering patterns
and the ‘unmarked’ majority. When not otherwise
specified, ‘a person’ is assumed to be a man, as
well as likely white, straight, cisgender, and Chris-
tian; additionally he will for the most part fit into
prescribed gender roles such as being a provider.
Although Llama flips this for gender, disproportion-
ately defaulting to she and other lexically-feminine
terms when gender is unspecified, the other domi-
nant ‘unmarked’ groups, such as white or Christian,
persist. In this way, LLMs participate in the perpet-
uation of particular ideas of cultural dominance, i.e.
the hegemonic domain of the matrix of domination
(Collins, 2000). They are, in a sense, themselves
‘doing’ gender and other identity categories exclu-
sively in ways that are intelligible under the current
dominant ideologies and cultural practices.

Comparing linguistic contexts, Swedish men are
given a slightly stronger link to emotions. The mod-
els themselves are also constructed with different
concerns: GPT-SW3 ‘allows’ negativity in a way
that Llama ‘avoids,” which may be why we see
more of a link between women and fear. Neither
model consistently treats the terms cis or cisgender
correctly: although they may on the surface ‘know’
that it means identifying with the gender one was
assigned at birth, the presence of more typically
trans and queer narratives such as self-acceptance
and fear of being different indicate that this ‘knowl-
edge’ is not applied in a way that suggests under-
standing of power structures or the social mechan-
ics of enforcing the dominance of particular groups
(in this case, cisnormativity).

Perhaps most interestingly, we had to construct
emergent methods for Llama’s ‘refusal’ to respond
to some prompts. These refusals construct particu-



lar identities as ‘risky’ (“If you can’t say anything
nice, don’t say anything at all”’), but the refusals
themselves actually produce risk and harm. They
suggest that the model likely cannot say anything
nice, which is alarming when frequently repeated
about minoritized groups, and often comes across
as — at best — patronizing to users who may request
texts concerning their own identities. However, cer-
tain intersections have higher rates of refusal for
majoritized groups, such as white men and cis men,
which may indicate that these groups are so often
unmarked that specifying them draws extra atten-
tion to the concept of “identity,” which the model
has been discouraged from talking about.

While Llama is very reluctant to talk about race,
GPT-SW3 has no difficulties doing so. When, as
in our prompts race of the protagonist is explic-
itly mentioned, we see large differences in how the
categories are portrayed. The largest difference is
between “arabic” on the one hand and “white/black”
on the other, where stories about arab people are
much more likely to be set in a rural setting and
only involve other arabic persons. The fact that
when violence appears in connection with a white
person, the “opponent” is in 64% of cases explic-
itly identified as Black is highly stereotypical and
seems to inidicate a US-American point of view.

7.1 Limitations and Future Work

An important limitation in this study is the size of
our generated corpora: they are quite small, which
may limit the quality of our topic model output.
The texts within the corpora are also often quite
similar to each other, perhaps as an effect of our
template design linking directives (which influence
writing style) and prompts (which influence subject
matter). A more ideal experimental set up would
have included five times as many texts, to include
all combinations of directives and prompts, but
this was not possible due to time constraints for
generating and analyzing the texts. It may also
have been beneficial to include more perturbations
of the NPs (e.g. using both “a white trans person”
and “a trans white person”) and/or increase the
diversity of terms we prompt for identity categories
with to better reflect the internal diversity of these
groups (e.g. using both “a nonbinary person” and
“an agender person”).

Future work should include more texts (for ex-
ample varying the templates). We also recommend
deeper analysis of texts about particular groups of
interest, with focused research questions around
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particular issues. If one is interested in, for ex-
ample, the representation of disability, the noun
phrases and prompts should be adjusted to probe
specifically for narratives about disability and dis-
abled people, rather than simply adding ‘disability’
to the list of categories presented here.

Our close reading conclusions are drawn only
off of a single topic model for each language, and
as we see more variation between topic models
with the Specified English corpus we should allow
for the fact that some of the conclusions about
gendered associations may be spurious. Ideally, we
would retest some of these associations with a few
other topic models to see if the prompts cluster the
same way every time.

The other key limitation is that we use compara-
tively small LLMs. This is intentional (we need to
be able to access and run the foundational models,
and the time and compute requirements of larger
LLM:s puts them out of reach), but it is likely our
findings do not apply per se to the larger versions
of GPT-SW3, or to later models where different
fine-tuning techniques may be applied.

While we can conclusively show that there are
clear differences in how LLMs (or at least GPT-
SW3) constructs race, the method we use here is
rather crude. More well-developed and standard-
ized methods for assessing racial bias in LLM out-
put should be developed.

8 Conclusions

We find that LLMs often favor the ‘unmarked
majority’ — if not specified otherwise, names are
typical of white US-Americans,'® weddings are
straight and have a (beautiful) bride dressed in
white, etc.

Gender is also the least likely identity to be ‘re-
fused’ by Llama, as part of its ‘safety’ features,
which may indicate that it is perceived to mark
less difference (or constitute less risk) than race
or religion. GPT-SW3 does not have this safety
feature, and while we can locate more examples of
overt racism and sexism, the overall representation
is quite similar to the Swedish finding described
in Devinney et al. (2020b). Therefore it is no-
table that the language model did seem to produce
more shocking content, including the n-word in
both English and Swedish, than we might have ex-
pected from ‘natural’ Swedish data. However, the

1%Sarah” and “John” are by far the most common names
given by both GPT-SW3 and Llama.



Nordic Pile (which GPT-SW3 is trained on) con-
tains data from Flashback (Ohman et al., 2023), a
large Swedish discussion forum with very liberal
terms of use, thus also containing liberal amounts
of slurs, hate speech, etc. There is also signifi-
cant amounts of English-language data, which may
explain the persistent depiction of US-American
stereotypes over culturally Swedish ones.

Together, our findings contribute to the ever-
growing scientific consensus that NLP technolo-
gies, particularly those based on machine-learning
models, replicate and reinforce patterns of bias
including stereotyping and erasure. However, it
seems that some of the ‘safety’ measures designed
to prevent stereotypes and other behaviours which
do not conform to “human preferences” may also
contribute to other biases such as erasure by con-
structing certain groups as ‘risky’ or ‘inappropriate
to discuss.” Refusal to discuss identity in general
on the grounds of “safety” frames identity as taboo,
and the user who made the request as inappropriate
for even asking. When identity is discussed, the re-
lentlessly positive tone can be alienating, and may
in certain applications (for example forum mod-
eration) silence those wishing to find community
and talk about their own negative experiences. As
language technologies are unavoidably a part of
the matrix of domination, the choices made in how
they discipline subjects, spread ideas, and facilitate
or participate in interpersonal interactions also have
unavoidable consequences for society, and their im-
pacts are often more complex than they may seem
on the surface.
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Abstract

Gender Stereotypes refer to the widely held
beliefs and assumptions about the typical
traits, behaviours, and roles associated with
a collective group of individuals of a partic-
ular gender in society. These typical beliefs
about how people of a particular gender are
described in text can cause harmful effects to
individuals leading to unfair treatment. In this
research, the aim is to identify the words and
language constructs that can influence a text
to be considered a gender stereotype. To do
so, a transformer model with attention is fine-
tuned for gender stereotype detection. There-
after, words/language constructs used for the
model’s decision are identified using a com-
bined use of attention- and SHAP (SHapley
Additive exPlanations)-based explainable ap-
proaches. Results show that adjectives and
verbs were highly influential in predicting gen-
der stereotypes. Furthermore, applying senti-
ment analysis showed that words describing
male gender stereotypes were more positive
than those used for female gender stereotypes.

1 Introduction

Gender stereotypes (GS) are the perceptions about
the typical physical, emotional, and social charac-
teristics displayed by men and women (Wiegand
et al., 2021; Blumer et al., 2013; Ellemers, 2018;
Morgan and Davis-Delano, 2016). Thus, gender
stereotypes function as text that can be used to
directly or indirectly infer that individual’s gen-
der. These perceptions/beliefs assumed by society
about an individual based on their gender can lead
to gender bias negatively impacting that individ-
ual’s life.

For example, Andrich and Domahidi (2022)
studied descriptions about U.S. Political candi-
dates. Their study showed that Facebook com-
ments posted by users were gender stereotypical
in the way that the male candidates were described
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with stronger masculine traits associated to a po-
litical career than the female candidates. This
discrepancy and power inequality in traditionally
assumed feminine/masculine gender stereotypes
has the potential to negatively influence the vot-
ers’ decisions thus penalizing the candidates based
on their gender (Eagly, 2013). Another similar
instance occurred during the 2017 Labor leader-
ship election in Britain. An analysis of the lan-
guage used in news articles about the candidates
showed discrepancies in how they were described
that were related to their gender'. These exam-
ples illustrate how language used to describe the
subject based on their gender may perpetuate gen-
der stereotypes and lead to gender bias and/or un-
fair treatment of individuals based on their gender.
Hence, it is important to understand gender stereo-
types that could potentially lead to gender bias and
discrimination against individuals based on their
gender.

The aim of this paper is to use explainable Al
(XAI) approaches when predicting gender stereo-
types to understand the words or language that
suggest a gender stereotype. A challenge with us-
ing Al prediction models is that they are black-
boxes. It makes it hard for humans to understand
why models arrived at the particular decisions that
they predicted (Xu et al., 2019). Therefore, XAl
approaches aim to improve the transparency and
interpretability of Al models by offering explana-
tions as to how or why the predicted result was
inferred.

XAI approaches are generally categorized as
transparency design explanations and post-hoc ex-
planations (Lipton, 2018). Transparency design
approaches explain how the model functions in the
view of the developer such as the model’s struc-
ture, understanding the individual components of

'Gender bias in Political description of candidates:
https://www.theguardian.com/technology/2017/  apr/13/ai-
programs-exhibit-racist-and-sexist-biases-research-reveals
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the model, its underlying training algorithm, etc.
Post-hoc explanations provide an understanding of
why a prediction was inferred; the components
of the input that influenced the output (Xu et al.,
2019). In this work, we use post-hoc explanation
approaches such as attention and SHAP to identify
words that influenced the model’s prediction of a
gender stereotype and anti-gender stereotype text.

Since the idea of attention was introduced in
Vaswani et al. (2017), it has been used in under-
standing text for various NLP tasks as the atten-
tion mechanism helps a model to capture the con-
text of words and to focus on the relevant parts of
a text when making decisions about the prediction
(Chen et al., 2019; Bai, 2018; Liu et al., 2020). At-
tention captures the importance of the word to the
model’s prediction corresponding to that particu-
lar input text. Therefore, it has been considered
to be a local-level of explanation surrounding that
particular input instance (Danilevsky et al., 2020).

On the other hand, XAl explanations like SHAP
enable a more sophisticated understanding of how
the words are important on a global-level to the
whole model. Therefore, SHAP is said to gener-
ate global explanations of a model’s prediction of-
fering a global understanding of which words are
important.

Our approach is to fine-tune a transformer
model with attention to classify textual input as
a gender stereotype or anti-gender stereotype.
Thereafter, using the attention and SHAP-based
explanations, we identify the words that influence
the model’s decision to categorise the input text
as a gender stereotype. In addition, we perform a
sentiment analysis on the identified top-influential
words to study the emotion associated with the
choice of words used for gender stereotypes about
men and women.

Our analysis of top-influential words and lan-
guage constructs show that adjectives and verbs
highly impact gender stereotype predictions. In
addition, sentiment analysis shows that gender
stereotypes associated with the male gender are
more positive than those associated with the fe-
male gender.

The rest of this paper is structured as fol-
lows. Section 2 presents the related works on gen-
der stereotypes and gender stereotype detection.
Section 3 outlines the datasets and model archi-
tecture implemented, the explainable approaches
used and how we obtain the top-influential words
that suggest gender stereotypes. We present the re-
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sults of our evaluation in section 4 and discuss the
observations. We conclude by presenting our key
findings and some limitations in our current work.

2 Related Work

Often gender stereotype and gender bias are con-
sidered synonymous though their focus and scope
differ (Blodgett et al., 2020). Gender bias is a
more specific and technical term that refers to the
intentional or unintentional discrimination against
individuals based on their gender (Costa-jussa,
2019). More generally, gender stereotypes refer to
the widely held beliefs and assumptions about the
typical traits, behaviors, and roles that are asso-
ciated with men and women in society (Wiegand
et al., 2021; Ellemers, 2018; Morgan and Davis-
Delano, 2016; Blumer et al., 2013).

Although the definition of gender stereotypes
roots from the attribution of characteristics or
traits to the group, the bias itself rises from the dis-
crimination an individual faces by being assumed
and assigned the same characteristics or traits of
the group. Hence, this paper discusses stereotyp-
ing from the perspective of an individual as driven
by the motivating examples in the introduction.

Most of the work in existing literature focuses
on identifying and understanding gender bias us-
ing ML rather than on gender stereotypes (Hoyle
et al., 2019). For example, researchers investi-
gated the existence and/or the mitigation of gender
bias in word embeddings (Bolukbasi et al., 2016;
Zhao et al., 2019; Caliskan et al., 2022), Language
models (Bordia and Bowman, 2019; Kurita et al.,
2019; Vig et al., 2020; Nadeem et al., 2021), co-
reference resolution (Rudinger et al., 2018; Zhao
et al., 2018; Cao and Daumé III, 2019), machine
translation (Stanovsky et al., 2019; Prates et al.,
2020; Savoldi et al., 2021), Parts-of-Speech (POS)
tagging (Garimella et al., 2019), natural language
generation (Sheng et al., 2020), etc.

Existing work on analysing gender stereotypes
is mainly focused on the use of pre-defined lexi-
cons of gender-specific words and actions curated
through manual and psychological studies (Bem,
1974; Rosenkrantz et al., 1968; Spence Janet and
Joy, 1974). Herdagdelen and Baroni studied the
association between gender and actions related
to gender stereotypes. They extracted verb-noun
pairs from the OMCS Common sense database
and analyzed the occurrence of the verb-noun
pairs in the tweets. Their results showed that there



are clear gender associations with certain actions,
such as women being more associated with cook-
ing and cleaning, while men were more associated
with driving and building.

Rubegni et al. explored how children perceive
gender stereotypes by analyzing the characters in
text written by children in the form of storytelling.
They found that male antagonists were described
using a limited set of negative adjectives which are
demeaning descriptors, while female antagonists
were defined using a richer and more varied set of
negative qualities.

A more recent study by Cryan et al. used a self-
compiled dataset of web-posts and news articles
which were annotated through crowd-sourcing to
identify instances of gender stereotypes. This
supervised learning-based method involved train-
ing a machine learning model on a set of anno-
tated data to classify texts as to whether the de-
scription of an individual in text conformed or
contradicted to the intended gender of the sub-
ject. The most frequently used words which were
used for the gender-conforming and gender-non-
conforming predictions were presented in their
work.

In the past, while machine learning models re-
mained black boxes, using the attention mecha-
nism was a popular approach to understand the
predictions of models by looking at the parts of
text that were highly attended to as the model was
making its decision (Xu et al., 2015; Bahdanau
etal., 2014). When a transformer model processes
each word in the input text, it calculates atten-
tion scores for each word. This attention score in-
dicates how much weight or attention the model
should give to that word when it decides the pre-
dicted class. Various studies have found attention
to be unreliable explanations (Abnar and Zuidema,
2020). Although the attention score captures the
absolute importance of the token, researchers have
contradicted the idea of how this instance-level un-
derstanding can be approximated to get a global
understanding of the feature’s importance to the
whole model’s prediction understanding (Sun and
Lu, 2020). And, the scaling factor used to calcu-
late the attention score can affect the interpretabil-
ity of the feature’s importance in terms of the at-
tention.

According to Jain and Wallace (2019), attention
is not a robust indicator. Attention was found to
loudly predict the overall relevance of the input
components (the words) to a model (Serrano and
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Smith, 2019). Moreover, Danilevsky et al. (2020)
question the extent to which attention can provide
explainability of feature importance. Attention
weight measures the relative importance of the to-
ken within a specific input sequence. So though
the attention score captures the absolute impor-
tance of the token, researchers have contradicted
the idea of how this instance-level understand-
ing can be approximated to get a global under-
standing of the feature’s importance to the whole
model’s prediction understanding (Sun and Lu,
2020). Nevertheless, there are works that strongly
challenge this claim of the attention not being an
explanation of feature importance (Wiegreffe and
Pinter, 2019). And, researchers have been us-
ing the attention score to understand and interpret
top words influencing the predictions of machine
learning models (Vashishth et al., 2019; Tal et al.,
2019).

Recently, the concept of XAI has paved way
for these black-box ML model predictions to be
interpreted as glass-box explanations (Holzinger,
2018; Rudin and Radin, 2019). There are a wide
variety of approaches through which these expla-
nations can be derived (Mathews, 2019; Gunning
et al., 2019; Vilone and Longo, 2020). But most of
these are based on post-hoc explanations of a sur-
rogate model that render model-agnostic explana-
tions. Some such XAI approaches are SHAP and
LIME (Local Interpretable Model-Agnostic Ex-
planations).

SHAP provides a global explanation of the out-
put of any ML model by assigning each feature an
importance value (SHAP value) in the prediction
process (Lundberg and Lee, 2017). SHAP val-
ues take into account the token interactions based
on whether a word is present or absent across the
predicted instances and builds a model based on
these changes to explain the predictions in the con-
text of other words. Work done by Bosco et al.
(2023) used SHAP values to study explanation of
racial stereotypes. This study identified the words
that were most influential in categorizing text into
different categories of hate speech based on their
SHAP values.

3 Methodology

This section outlines the datasets, the model archi-
tecture, and the approach used to identify the most
influential words for a prediction.

In this research, rather than Ilooking at



male/female as a biological sex assigned at birth,
we consider male/female as a gender. As defined
in (Albert and Delano, 2022), "Gender refers to a
person’s gender identity (how they see themselves
or experience their own gender) but also involves
other factors such as how a person is perceived by
others or experiences differential treatment related
to their perceived gender".

Three gender stereotype datasets, see Table 1,
were used.

Distribution of samples as a %
. of the whole dataset
Dataset | #Samples | Min chars | Max chars GS ARGGS
Male | Female | Male | Female
SSet 1,986 14 165 24 22 30 24
CcC 4,550 14 45,242 25 25 25 25
CR 3,221 7 889 34 30 16 20

Table 1: Dataset description and statistics where GS
means gender stereotype.

The StereoSet (SSet) dataset (Nadeem et al.,
2021) contains 4 stereotypical categories (gen-
der, race, religion, occupation) of which we use
the gender category instances for our research.
To create this dataset the authors compiled tar-
get terms that represented the different target cate-
gories (e.g., for gender "woman", for race "Asian",
etc.) based on Wikidata associations found in
triples related to the above categories. Then,
crowd-workers were asked to write two sentences
describing people using these target terms where
one sentence suggests a gender stereotype while
the other does not. We require the gender of the
subject discussed in the text but gender is not ex-
plicitly identified in this dataset. We manually
labelled the gender identity of the subject as de-
scribing a male or a female person. There were
55 instances where the gender of the subject de-
scribed in the text was not identifiable, these in-
stances were excluded from our analysis.

Cryan’s content (CC) dataset was specifically
compiled to study gender stereotyping (Cryan
et al., 2020). Using crowd-sourcing crowd work-
ers were asked to find articles that describe a
person (male/female) and label them as whether
the description is consistent or contradictory to
common gender stereotypes as perceived by that
crowd-worker. This dataset has 4 labels, consis-
tent with or contradictory to male/female. Trans-
lating these labels to a binary classification for our
experiments, the male/female consistent labels be-
come gender stereotypes (GS) and the contradic-
tory ones, anti-gender stereotypes (anti-GS).
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The crowd-workers who were compiling and la-
belling articles for Cryan et al.’s research were
also requested to provide their reason for labelling
an article as consistent with a gender stereotype
or contradictory to a gender stereotype which was
not used in their study. Reviewing these texts pro-
vided as reasons by the annotators, we found them
to be valid and direct perceptions of why a person
(crowd-worker) would consider a certain text as a
GS or an anti-GS. We used these reason texts to
generate a dataset which we called Cryan’s Rea-
sons (CR) and labelled it manually as a GS or anti-
GS text. To label the data, it was divided into 4
subsets of approximately 1000 text samples each,
and 3 annotators labelled each subset of text sam-
ples. Annotators were asked to label if they con-
sidered the text was a gender stereotype or not.
They were also asked to select if they thought the
text described a "male", "female", "non-binary"
gendered person or was "not related to a person".

The inter-annotator agreement (IAA) for the
GS/anti-GS label for each subset was calculated
using the Fleiss kappa (Fleiss et al., 1981). One
subset of labelled text samples with an IAA less
than 0.8 was dropped and the other 3 subsets with
IAAs of 0.89, 0.89 and 0.9 were retained giving
an average IAA across all retained labelled sam-
ples of 0.89.

To arrive at a consensus label for the gender
and gender stereotype/anti-GS labels, the label as-
signed to each instance was based on a majority
vote, i.e. the value chosen by 2 out of 3 annotators.
Instances where the 3 raters’ gender labels were
all different were dropped. Then, we removed the
instances where the consensus gender label was
"not related to a person". Only 37 samples were
about non-binary people (11 GS and 26 anti-GS).
This was not sufficient to train and test a classifier
model for our study. Therefore, we retained the
male and female samples, a total of 3221 samples:
1081 male GS, 958 female GS, 528 male anti-GS
and 654 female anti-GS samples.

Following a similar approach to Cryan et al.
(2020), we use a transformer model based on the
BERT architecture, which is a pre-trained deep
neural network architecture used to process se-
quential input data, such as text. We chose BERT
due to its bidirectional nature. In addition, its con-
text aware embeddings capture relationships be-
tween words. And researchers have been success-
fully fine-tuning BERT for downstream tasks in
the past within the domain (Huo and Iwaihara,



2020; Mohammadi and Chapon, 2020; Xinxi,
2021; Qasim et al., 2022).

We fine-tuned BERT for the gender stereo-
type detection task on each dataset and added
a classification head to predict if a new unseen
text was a GS or anti-GS. The pre-trained BERT
model is fine-tuned on the labeled training datasets
and optimized for the best hyper-parameters us-
ing Optuna (Akiba et al., 2019) which is an open-
source hyper-parameter optimization framework
based on Bayesian optimization. Performance is
measured as the average class recall (due to im-
balance in the class distribution of the data) over
three iterations of 5-fold cross validation on each
dataset.

The sole use of one XAl approach is not a reli-
able measure of the influential words contributing
to the prediction (Fryer et al., 2021). Attention
scores can sometimes be sensitive to noise or out-
liers in the data leading to misleading interpreta-
tions (Serrano and Smith, 2019). And although the
fundamental workings of ML models remain un-
clear, XAI methods approximate the model’s be-
haviour based on the predictions. Therefore, the
post-hoc explanations produced by XAI methods
like SHAP alone may not be as fully accurate at
capturing how the ML model arrived at a decision
(Zhong and Negre, 2022) either. Hence, we looked
into capturing the words’ importance in making a
prediction using more than one approach.

Abnar and Zuidema (2020) state that though
SHAP values are not attention scores, the attention
flows which are an extension of attention weights
obtained after post-processing align with SHAP
values. So, we use the attention score along with
the SHAP value to identify the words that influ-
ence the model’s prediction. We combine the at-
tention score and SHAP values to get an influence
score IScore(w;) for the word w; as shown in
Equation 1.

IScore(w;) (1)

where AS(w;) is the attention score and
SV (w;) is the SHAP value of the corresponding
word.

We ranked the words in each instances by their
influence scores. We selected the top three words
with the highest word influence score for analysis.
The words with word influence scores lower than
these top three were typically article words (a, an,
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the), prepositions (in, under), conjunctions (and,
but) and determiners (some, many).

4 Results and Discussion

Figure 1 reports the mean and std.deviation of the
average class recall on the three datasets across
three iterations of 5-fold cross validation for the
gender stereotype detection task.
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Figure 1: Average class recall across the three datasets.

SS, CC and CR datasets obtained average class
recalls of 0.7, 0.75 and 0.78, respectively with the
CR dataset achieving the best performance. Fur-
ther analysis was carried out on the words and type
of language constructs that influenced the predic-
tions.

4.1 Influence of gendered and non-gendered
words

First, we analysed the influence of gendered and
non-gendered words on the predictions by identi-
fying the proportion of gendered words from the
top three words considered as the most influen-
tial words by the model based on our influence
score. The gendered words were manually iden-
tified as a list of words consisting of gendered
pronouns ("he/she", "him/her", etc.), words ex-
plicitly ending on ’-man/men’, ’-woman/-women’
("policeman", "businesswoman", etc.), and gen-
dered terms ("mother", "sister", "actress", etc.)
compiled from the ESCWA Gender-Sensitive Lan-
guage Guidelines released by the United Nations
2

Figure 2 illustrates the percentage of gendered
words found in the words that most influenced the
ESCWA  Gender-Sensitive Language Guidelines:

https://archive.unescwa.org/sites/www.unescwa.
org/files/page_attachments/1400199_0.pdf


https://archive.unescwa.org/sites/www.unescwa.org/files/page_attachments/1400199_0.pdf
https://archive.unescwa.org/sites/www.unescwa.org/files/page_attachments/1400199_0.pdf
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Figure 2: Percentage of gendered words with a high
word importance score associated with the prediction
of each class across all datasets.

prediction.

This shows that across all datasets the model
uses a higher proportion of gendered words to
predict GS than it does to predict anti-GS. This
can be attributed to the presence of gendered pro-
nouns or words with lexical gender from which
the gender can be directly inferred. For exam-
ple, the text "She liked to bake cookies and pies
all day" was correctly predicted as a GS by fo-
cusing on the gendered word "she" along with the
other two top words "liked" and "bake" in that
text. And the word "bake" being associated with
a female-gendered word "she" shows how women
are associated with typically feminine, gender-
stereotypical gender roles. However, the text "She
is outside doing yard work" was incorrectly pre-
dicted as a stereotype as the perception of a gen-
der stereotype is tied to the gender performing the
task mentioned in the text which was not clearly
captured for the above sample prediction.

We evaluated if gendered words are more

W Male ™ Female

Percentage of gendered words

StereoSet

Cryan "content" Cryan "reason"

Datasets

(a) for GS predictions.

prominently associated with one gender over the
other when it comes to predicting gender stereo-
types. Figures 3a and 3b visualize the percentage
of gendered words associated with male/female
instances for the GS and anti-GS predictions re-
spectively.

Figure 3a shows that more of the gendered
words for GS predictions are associated with a
male instance than a female instance. This pat-
tern can be tied to tradition where gender stereo-
types have depicted men as powerful, authorita-
tive, and capable, whereas women are frequently
represented in caring or submissive positions. Be-
cause preconceptions about men are more often
represented in a manner that is considered neither
harmful or derogatory to the male gender, those
gender stereotypes continue to be used in society.
Hence, this bias may result in a stronger connec-
tion of gendered phrases with male gender stereo-
type examples.

However, figure 3b shows a significantly higher
percentage of gendered words used for anti-GS are
associated with females than males. The grow-
ing awareness around gender-inclusivity and bias
against women may have caused a larger inclina-
tion for people to use gendered terms with female
examples in anti-GS situations. This may also
indicate a deliberate effort to fight and confront
preconceptions that paint women in a gender-
stereotypical manner.

4.2 Influence of Parts of Speech

Contrary to lexical gender, which refers to the
inherent gender classification of a word based
on its meaning (e.g. businessman, actress, etc.)
(Siemund and Dolberg, 2011), social gender

W Male ™ Female

68.2

Percentage of gendered words

StereoSet Cryan "content" Cryan "reason"

Datasets

(b) for anti-GS predictions.

Figure 3: Percentage of gendered words associated with predictions of both GS and anti-GS.
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refers to the implicit inference of an individual’s
gender from words (such as adjectives, verbs,
etc.) where the gender is not obvious (McDow-
ell, 2015). This inference roots from cultural and
social roles, behaviors, and expectations associ-
ated with masculinity and femininity in a society
or community (Fausto-Sterling, 2019). A defini-
tion in (Ackerman, 2019) terms the social gen-
der as Biosocial gender which is "the gender of a
person based on phenotype, socialisation, cultural
norms, gender expression, and gender identity".
Out of these, in this research the concepts of gen-
der expression and gender roles (Benwell, 2006;
Soundararajan et al., 2023) in gender stereotypes
are studied further.

Gender expression refers to the way an individ-
ual presents their gender to the world through their
appearance and characteristic traits (Rubin and
Greene, 1991). In terms of language and parts-of-
speech (POS) in text, an individual’s appearance,
i.e., gender expression, is typically described us-
ing adjectives (Hamon, 2004; Hattori et al., 2007;
Otterbacher, 2015; Ismayanti and Kholiq, 2020).

Gender roles are societal expectations or norms
associated with gender, including behaviors, ac-
tions, and activities that are considered appropri-
ate for men and women (Gabriel et al., 2008).
Language-wise, the actions/roles one performs
are typically described using verbs (Semin and
Fiedler, 1988; Bower et al., 1979; Sanford and
Garrod, 1998; Van Atteveldt et al., 2017; Clark
et al., 2018).

In order to build a generic view of what type
of language constructs, including these implicit
gendered words, suggest a text to be as a gender
stereotype, we analysed the influence of different

® Nouns = Verbs m Adjectives = Adverbs
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POS on predictions. Figure 4a shows the distri-
bution of different parts of speech across all in-
stances in the three datasets. This is compared to
Figure 4b which shows the distribution of differ-
ent POS-tagged adjectives (gender expression de-
scriptors), verbs (gender role descriptors), adverbs
(action/gender role modifiers) and nouns that in-
fluenced the predictions.

Although there are comparatively fewer adjec-
tives across all the instances in the datasets, the
model has focused mostly on adjectives and verbs
to make predictions. Also, though there are more
nouns across all three datasets, they are signifi-
cantly lower in proportion among the most influ-
ential words in the SSet and CC datasets with a
slight exception in the CR dataset. This shows that
nouns are not as influential as adjectives or verbs
in detecting gender stereotypes. This aligns with
the social gender concepts of gender expression,
captured by adjectives, and gender roles including
behaviour and actions, captured by verbs, show-
ing that both adjectives and verbs are significant
indicators in identifying gender stereotypes.

Research by Ye et al. revealed that the overall
usage frequencies of personality adjectives used
to describe men and women across two centuries
were higher for men than women. Hence, we fur-
ther analysed the different POS among the most
influential words based on the gender that they
were associated with. Figure 5a confirms that
there is a higher percentage of adjectives associ-
ated with males than females across all datasets.

Figure 5b shows that slightly more top nouns
were associated with males than females. This
pattern agrees with the existing social bias where
the world is used to viewing generic experiences

® Nouns = Verbs m Adjectives = Adverbs

324

225
17.1 - —
14.5

I I I ]

o I

Stereoset Cryan "content" Cryan "reasons"

% of POS word type among high Attention
3
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(b) across most influential words used for the model’s predic-
tion.

Figure 4: Distribution of different POS types across the datasets and predictions.
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Figure 5: Distribution of different POS types across the most influential words used for predictions, associated

with gender.

and descriptions as mostly relevant to men 3. Mod-
els trained on datasets inadvertently learn and cap-
ture biases present in the training data. Since our
analysis found that there was a higher likelihood of
top nouns appearing in sentences that were labeled
by human annotators as text suggesting a male-
GS, it shows that our model has merely learned
to reflect this behaviour and is assigning more im-
portance to certain nouns when the context is as-
sociated with a male stereotype text i.e., the dis-
cussion or description of males. This may reflect
human perception by capturing the biases on how
people have been traditionally described in terms
of their personality traits.

Figure 5c reflects the distribution of most in-
fluential verbs across genders in the prediction of
stereotypes. Once again, there are slightly more
verbs associated with males than with female in-

3 Article on Gender Sensitive Commu-
nication by European Institute of  Gender
Equality: https://eige.europa.eu/publications-

resources/toolkits-guides/gender-sensitive-
communication/challenges/invisibility-and-omission/do-
not-use-gender-biased-nouns-refer-groups-people
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stances. In the statistical analysis done in the
study conducted in (Haines et al., 2016) regard-
ing the perceptions of gender stereotypes for the
past 3 decades from 1983-2014, there were fewer
women participating in actions related to politics,
sports, etc. And the stereotypical beliefs associ-
ated with women were either more tied to charac-
teristic traits or traditional gender roles assumed to
be feminine (e.g., caring for family). This obser-
vation regarding verbs (gender role descriptors),
is also supported by our motivating example about
the 2017 British Labor leadership Elections where
the 2 female elections candidates were discussed
more in terms of their fathers and their family
where the actual modern shift in gender roles in
the present-society is not being reflected. Women
have begun taking up new gender roles in fields
such as politics or sports which were not tradition-
ally considered to be feminine. Thus, in reality,
the gap between the gender roles taken up by men
and women is being bridged. However, this shift
in equivalence of gender roles taken up by men
and women is not reflected by traditional gender



stereotypes which are more associated with men
as seen in our data. This possibly implies how
traditional gender stereotypes perceived by society
(as captured in the datasets) do not reflect the real-
ity of modern gender roles (described using verbs)
being equally taken up by both genders.

There were no adverbs among the influential
words for the SSet and CC datasets. Only the CR
had more male-associated adverbs than female-
associated adverbs in predicting GS.

4.3 Sentiment Analysis of predictive words

In order to examine whether the emotions asso-
ciated with the most influential words were re-
lated to specific genders, we analysed the senti-
ment of the most influential adjectives and verbs
used in predictions. We used SentiWordNet 3.0
(Baccianella et al., 2010) to get the sentiment as-
sociated with a word. Figure 6 shows the percent-
age of most influential adjectives and verbs asso-
ciated with a positive/negative sentiment for pre-
dictions across the three datasets. The orange bar
represents the most influential adjectives (see fig-
ure 6a)/verbs (see figure 6b) used to predict anti-
GS text samples while the purple bar represents
the adjectives/verbs used to predict GS text. The
portion of the bar lying on the right side of the
origin along the x-axis represents the proportion
of those adjectives/verbs associated with a positive
sentiment. And the portion of the bar lying on the
left side of the origin along the x-axis represents
the proportion of those adjectives/verbs associated
with a negative sentiment.

anti-GS.
. GS

7.1%)

StereoSet 92.9%

26.3% 73.7%

Cryan |
“Content”

43.6%) 56.4%

100 75 50 25 [ 25 50 75 100

Cryan |
“Reason”

Negative sentiment ‘ Positive Sentiment

(a) Adjectives

For the three datasets, the adjectives used in
the prediction of anti-GS text (see figure 6a) con-
vey a more positive sentiment. Though the ad-
jectives used to predict GS text have a slightly
more positive sentiment as observed in the CC
and CR datasets, this difference is not significant.
Hence, this suggests that anti-GS text tends to
bear a slightly more positive social perspective of
characteristic traits pertaining to the genders. The
same evaluation was carried out for verbs in figure
6b which shows that verbs associated with a more
positive sentiment prompt anti-GS predictions in
general. This is similar to the pattern displayed by
the sentiment associated with top adjectives (Fig-
ure 6a).

We also examined whether the sentiment asso-
ciated with the adjectives/verbs were tied to a spe-
cific gender. In the following graphs, the green
bar represents the most influential adjectives/verbs
used to predict GS/anti-GS text about a female and
the blue bar, a male. The portion of the bar ly-
ing on the right side of the origin along the x-axis
represents the proportion of those adjectives/verbs
associated with a positive sentiment. And the por-
tion of the bar lying on the left side of the origin
along the x-axis represents the proportion of those
adjectives/verbs associated with a negative senti-
ment.

Figure 7a shows that GS characteristic traits of
females described using adjectives (i.e., gender
expressions) are associated with a slightly more
negative sentiment whereas adjectives used to de-

anti-GS.

<
9 9
StereoSet { 20.8% 79.2%
Cryan | 21.7% 78.3%
Cryan 39.4% 60.6%
100 75 50 25 0 25 50 75 100

Negative sentiment ‘ Positive Sentiment ‘

(b) Verbs

Figure 6: Sentiment associated with different influential words corresponding to the parts of speech.

(Orange bar: proportion of most influential adjectives (6a) / verbs (6b) used to predict anti-GS text samples. Purple bar:
proportion of most influential adjectives/verbs used to predict GS text. Portion of the bar lying on the right side of the origin
along the x-axis represents the proportion of those adjectives/verbs associated with a positive sentiment. Portion of the bar
lying on the left side of the origin along the x-axis represents the proportion of those adjectives/verbs associated with a negative

sentiment.)
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Figure 7: Sentiment associated with most influential adjectives.

(Green bar represents the proportion of the most influential adjectives used to predict GS (7a) / anti-GS (7b) text about a female
and the blue bar, a male. The portion of the bar lying on the right side of the origin along the x-axis represents the proportion
of those adjectives associated with a positive sentiment. And the portion of the bar lying on the left side of the origin along the
x-axis represents the proportion of those adjectives associated with a negative sentiment.)

scribe males are significantly more positive. This
can suggest the existing gender bias in society
where gender expression or characteristic traits ex-
pected of women are associated with traditional
standards of beauty and appearance (Cash and
Brown, 1989; Lavin and Cash, 2001; Heflick et al.,
2011). When a modern female deviates from these
established norms, it can be negatively perceived
by society (Biefeld et al., 2021; Plaza-del Arco
et al.,, 2024). However, the same shift in gen-
der expressions and characteristic traits illustrated
by men are not accentuated perceived in a similar
negative sense (Shyian et al., 2021).

Figures 7b shows that adjectives used to predict
anti-GS are associated with a more positive senti-
ment for both genders than they are with predict-
ing GS across all datasets.

Em Female

StereoSet | - Male

54.5%] 45.5%
28.6%]| 71.4%
35.7%] 64.3%
28.6%] 71.4%
49.4%]| 0.6%
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Cryan
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“Reason” -

100 75 25 0 25 50 75 100

Negative sentiment ‘ Positive Sentiment

(a) for GS predictions
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“Content”

“Reason”

The same evaluations were performed on verbs
and are shown in figure 8a and 8b for GS and anti-
GS respectively.

Figure 8a shows that verbs used to predict GS
were significantly more positive for males than
females. However, words used to predict anti-
GS were associated with a positive sentiment for
both genders (see Figure 8b), which is consistent
with the pattern displayed by adjectives used to de-
scribe males/females.

This behaviour of describing males and females
using gender expression and gender role descrip-
tors that are associated with different sentiments
shows that the model has learned some biases from
the training data which may reflect the societal
gender biases against males and females. The
words (adjectives, verbs) that are more influential

16.7%) 83.3% mmm Female
25.0%| 75.0% . Male

16.7%)
41.5%

27.3%)
58.5%
31.2% 68.8%
.‘
0

83.3%
72.7%
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Negative sentiment ‘ Positive Sentiment

(b) for anti-GS predictions

Figure 8: Sentiment associated with most influential verbs.

(Green bar represents the proportion of the most influential verbs used to predict GS (8a) / anti-GS (8b) text about a female and
the blue bar, a male. The portion of the bar lying on the right side of the origin along the x-axis represents the proportion of
those verbs associated with a positive sentiment. And the portion of the bar lying on the left side of the origin along the x-axis
represents the proportion of those verbs associated with a negative sentiment.)
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are mirroring society’s negative perception when
it comes to describing the characteristic traits and
expected gender roles of women. However, so-
ciety has been accustomed to describing men in
a more positive manner, be it their characteristic
traits or expected gender roles (Fast et al., 2016).
The presence of this biased societal perception is
supported by our experiments and results.

As such, we found that adjectives that are gen-
der expression/characteristic trait descriptors and
verbs that are gender role/action descriptors are
highly influential in prompting gender stereotypes.
Moreover, we found that words describing a male
gender stereotype are more positive than those
used to describe the female gender stereotype.

5 Conclusion

Gender stereotypes manifest in the way peo-
ple express themselves through gender expres-
sion/characteristic traits described using adjec-
tives or their gender roles/actions described us-
ing verbs. These gender stereotypes can prompt
harmful effects leading to gender bias if not cap-
tured. In this research, we fine-tune a transformer
model with attention to classify gender stereo-
types. A proposed combination of attention and
SHAP explainable approach is used to identify
the words/language constructs that influence a text
to be considered as a gender stereotype or not.
Our findings showed that adjectives (gender ex-
pression descriptors) and verbs (gender role de-
scriptors) highly impact a text to suggest a gen-
der stereotype. Furthermore, a sentiment anal-
ysis of identified top-influential words also re-
vealed that top-influential words used to describe
males were more positive than those chosen to de-
scribe females. This partiality towards the way
in which genders are described represents gender
bias where humans evaluate expressions related to
men more positively than those related to women.

Limitations and Future work

In this work, we have only used attention and
SHAP to identify the words and thereby, the lan-
guage that influences gender stereotypes. In our
ongoing extension of this research, we will ex-
plore the use of other post-hoc explainable Al
approaches such as LIME, Captum, etc. to un-
derstand the features that influence a text to be
predicted a gender stereotype about a male or a
female. Also, in this work, due to the current
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lack of data to study non-binary gender stereo-
types (Nozza et al., 2022), we focus on identifying
the type of words prompting binary (male/female)
gender stereotypes and the sentiment associated
with those words.

Ethics Statement

We have handled all datasets and pre-processing in
an ethical manner complying with the ACL code
of ethics. Due to practical reasons and existing
lack of datasets, we limited our research to only
the binary genders. However, we understand the
importance of inclusion and will consider extend-
ing our study, where possible, to non-binary gen-
ders.
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Abstract

This study examines the fairness of human- and
Al-generated summaries of student reflections
in university STEM classes, focusing on po-
tential gender biases. Using topic modeling,
we first identify topics that are more preva-
lent in reflections from female students and
others that are more common among male stu-
dents. We then analyze whether human and
Al-generated summaries reflect the concerns
of students of any particular gender over oth-
ers. Our analysis reveals that though human-
generated and extractive Al summarization
techniques do not show a clear bias, abstractive
Al-generated summaries exhibit a bias towards
male students. Pedagogical themes are over-
represented from male reflections in these sum-
maries, while concept-specific topics are under-
represented from female reflections. This re-
search contributes to a deeper understanding of
Al-generated bias in educational contexts, high-
lighting the need for future work on mitigating
these biases.

1 Introduction

Reflection is an effective metacognitive technique
that promotes student learning (Baird et al., 1991;
McNamara, 2011). Reflections can be used in
a classroom setting to gather feedback from stu-
dents on their comprehension and help both stu-
dents and instructors identify topics of confusion.
Given the substantial amount of reflection data in
large classes, Al-based summarization techniques
have been developed to summarize these reflections
(Fan et al., 2015; Luo and Litman, 2015; Luo et al.,
2016; Magooda and Litman, 2020). Automatic
summarization (Hovy et al., 2006) is a popular
NLP technique used to create or sample a smaller
text that represents the most important or relevant
information within the original content. This pro-
cess inevitably involves decisions about which is
the most important or relevant information.
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Al bias is a well-discussed topic in recent years.
Efforts to identify and mitigate bias in Al and NLP
systems have been applied to tasks such as lan-
guage modeling (Bolukbasi et al., 2016; Caliskan
et al., 2017; Sun et al., 2019; Huang et al., 2020;
Czarnowska et al., 2021; Field et al., 2021), co-
reference resolution (Rudinger et al., 2018; Cao
and Daumé III, 2020), and machine translation
(Savoldi et al., 2021). Specifically within NLP
research for education, bias has been investigated
in educational technologies like automated essay
scoring (Amorim et al., 2018; Litman et al., 2021)
and intelligent tutoring systems (Zhuhadar et al.,
2016; Lin et al., 2023).

Reflection summarization is an important use
case as it help instructors uncover student mis-
conceptions, empowering them to adapt their in-
struction and create targeted learning opportunities
that address knowledge gaps in subsequent lectures
(Fan et al., 2017). Since the goal of reflection sum-
marization is to save teaching staff time and reduce
the need to read through so many reflections, biases
in whose reflections are represented by the sum-
maries can have a direct impact on whose concerns
are addressed by teaching staff. This concern moti-
vates our study to measure biases in summarization
of student reflections.

Specifically, we scope our research to identify-
ing if there are differences by student gender in
a dataset of classroom reflections and if the sum-
maries of these reflections exhibit bias toward any
gender. We are particularly interested in represen-
tation from female reflections due to a history of
exclusion of women in STEM classes (Brotman
and Moore, 2008; Vincent-Ruz and Schunn, 2018).
Unfortunately, we are only able to compare the
representation of reflections students with those
of male students within a gender binary, as we do
not have sufficient data on the experiences on non-
binary students, an important topic for future work.

Using the Structural Topic Model (STM; Roberts

Proceedings of the 5th Workshop on Gender Bias in Natural Language Processing (GeBNLP), pages 60-77
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et al., 2014), we are able to model variation in
topics within reflections along with the gender of
the authors of these reflections. We also apply
STM to measure how closely topics in summaries
match those in reflections from male and female
genders. We evaluate gender bias in several types
of Al-generated summaries and contrast these with
human-annotated summaries. We define our re-
search questions as follows:

RQ1 What differences, if any, are there between
reflections from male or female students?

RQ2 Are summaries biased towards any specific
gender?

RQ3 If so, what is the nature of the gender bias in
reflection summaries?

Using STM, we find subtle differences between
reflections of male and female students, particu-
larly a stronger emphasis on course logistics (such
as projects) from female students. Measuring dif-
ferences between summary topic distributions and
those of male and female reflections, we find that
Al abstractive summarization models exhibit bias
toward reflections from male students, while sum-
maries from humans and Al extractive models do
not show a consistent bias. We find that Al abstrac-
tive summaries appear to under-represent specific
course concepts that are brought up in reflections
from female students, while over-representing ped-
agogical themes such as teamwork from male stu-
dent reflections.

2 Related Work

Reflection Sumarization: We first review work
on automatic summarization in the context of stu-
dent reflections, the application area in which we
investigate bias. Fan et al. (2015) and Zhong et al.
(2024) independently observed that reflections can
range from some phrases and sentences to mul-
tiple sentences. Luo and Litman (2015) argued
that phrase-based summarizing is the most effec-
tive way to summarize student reflections as they
are easy to read and browse as compared to ab-
stractive or extractive summarization. They also
introduced a notion of student coverage that gave
importance to topics mentioned by most of the stu-
dents. With these two motivations, they propose a
student coverage-assisted phrase-based summariza-
tion algorithm.
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Luo et al. (2016) improves upon the previous
work by evaluating the phrases in their informa-
tiveness and alignment with the needs of the stu-
dents. Magooda and Litman (2020) proposed a
template-based data generation technique which,
when used for training models, increases the model
performance for abstractive summarization for low-
resource data. We evaluate several of these summa-
rization approaches for gender bias.

Bias in educational AI: A growing body of
research has examined issues of bias and social
justice in educational technologies. Shakir et al.
(2022) discuss the relationships between intersec-
tionality and student perspectives in academia, us-
ing simple but effective text mining approaches
such as clustering that assists the qualitative anal-
ysis of the data. Roscoe et al. (2022), Madaio
et al. (2022), and Baker and Hawn (2022) indepen-
dently discuss the possibilities of injustices with
and the development of fair Al systems in educa-
tion. Dias et al. (2022) consider the need to take
intersectionality into account when designing au-
tomated decision-making systems in computing
education As discussed in Mayfield et al. (2019),
there are potential improvements possible towards
countermeasures for inherent biases in automated
education assessment systems. Litman et al. (2021)
conduct fairness evaluation of Automated Essay
Scoring (AES) used for grading essays. They con-
cluded that different AES models exhibit different
types of biases, spanning students’ gender, race,
and socioeconomic status.

Bias in summarization: Huang et al. (2023)
examined bias in opinion summarization through
the perspective of opinion diversity. This work is
analogous to ours, as biases in summaries of online
reviews relate to student reflections as “reviews” of
the course material. Like our work, they also gener-
ate a summary of the source texts. However, unlike
us, an overall stance score was relevant, and they
had access to pre-computed topic-specific tweet
clusters that are utilized in combination with the
opinion diversity / similarity to finally detect the
stance taken by the source text or document.

Dash et al. (2019) showed that existing summa-
rization algorithms often represent socially salient
user groups very differently compared to their dis-
tributions in the original data. In our work, we
focus on the salient differences in the topic distri-
bution by student gender. Liu et al. (2024) develop
methods to explicitly preserve author perspective
(“bias”) in news summarization.



STM for Bias Analysis: Structural Topic Mod-
eling (STM; Roberts et al., 2014) has been used
before to analyze text discourse with the goal of
identifying biases with author metadata. In their
work, Davidson and Bhattacharya (2020) use an
STM approach to examine racial biases in a Twit-
ter dataset. They are able to identify the interac-
tion between prevalence of tweets with respect to
the abusive nature of the tweets, and helps them
identify biases with topic modeling by taking a
multi—-dimensional approach.

In another work, Zhang and Rayz (2022) ex-
amine the stereotypes embedded within the text
of news articles using STM. Using a similar ap-
proach as Davidson and Bhattacharya (2020), the
authors examine the gender stereotypes within the
text across three dimensions: weak, medium and
strong associations in interaction with male and
female gender. STM allows them to discuss their
results in terms of the detailed interaction between
the two dimensions, whereby they can suggest con-
clusions such as “International Politics” that are
historically in the “male” sphere of discussions be-
ing associated with the topics of articles written
by male authors, while topics on “Music” being
associated with articles written by female authors.

Villamor Martin et al. (2023) present a more
meta—analytic approach to the use of STM in the
context of identifying or detecting historical biases
or stereotypes in the data. Since STM is a statistical,
data—driven approach, the signals from the data
indicate the general trend of associations of aspects
such as demographic identities with topics in the
text.

Similar to this prior work, we choose STM to
identify biases in the discourse analysis with a
dataset collected in an educational setting, asso-
ciating topics with the binary gender of the author
of student reflections.

3 Dataset Description

We selected REFLECTSUMM (Zhong et al., 2024),
a benchmarking dataset for student reflection sum-
marization, for analysis, since it contains student
reflections, their summaries and student demo-
graphic information. It collects reflection and de-
mographic information through the CourseMirror
Application (Fan et al., 2015). The application
prompted students with two types of reflection
prompts: Describe what you found most interest-
ing in today’s class (I) and Describe what was
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Figure 1: RerLEcTSumm Structure. Each lecture of a
course has two prompts (I & C) asking interesting and
confusing things of the lecture (see section 3) from stu-
dents. Provided reflections are summarized by human
annotators and Al techniques.

confusing or needed more details in today’s class
(C). Students who opted into the study have to
answer these prompts at the end of every lecture.
In this manner reflections were collected over the
course of four semesters, from Fall 2020 to Spring
2022 in two large, public, American universities.
Broadly, students who participated in this experi-
ment were enrolled in courses belonging to 4 sub-
ject areas: Computer Science (CS), Engineering
(ENGR), Physics (PHY), and Computing Informa-
tion (CMPINF). Demographic information was col-
lected from students at the time of registering for
the experiment. Table 1 shows the proportion of
reflections across genders for each course. Due to
insufficient data on non-binary and self-described
genders, we performed our analysis within a gen-
der binary of male and female and leave further
analysis on reflections from non-binary students to
future work. Other demographic information like
race, ethnicity were also collected. This work fo-
cuses on gender, however, our methodology can be
directly applied to other demographic information
as well, another possibility for future work.

We compare bias among human- and Al-
generated summaries. The human annotations were
collected by Fan et al. (2015) and Zhong et al.
(2024) by employing college students of appro-
priate subject background. We evaluate automatic
summaries generated by Zhong et al. (2024) using
various Al techniques ranging from classic ma-
chine learning to deep learning-based generative
Al Some of these models were also trained on
human annotations.

Summaries were annotated or generated for each



Gender

Course Male Female Prefer Not to Diclose Prefer to Self Describe #Reflections #Lecture
CS 1526 (57.71%) 1178 (42.23%) 42 (1.5%) 43 (1.54%) 2789 (1:1434 C:1355) 79
ENGR 2330 (65.21%) 1155 (32.32%) 88 (2.4%) 0 3573 (1:1861 C:1714) 62
CMPINF 1272 (60%) 762 (35.96%) 52 (2.45%) 33 (1.55%) 2119 (1:1080 C:1068) 19
PHYS 5071 (47.49%) 5898 (53.11%) 129 (1.16%) 0 11098 (I:5618 C:5484) 57

Table 1: Reflection Distribution Across Genders

reflection prompt across all lectures, to mimic a
scenario where teaching staff would like to view
summaries of reflections for single lectures. The
structure of the dataset can be viewed in Figure 1,
where a course has multiple lectures with exactly
two reflection prompts, I and C. Each prompt has
multiple student reflections which are summarized.
So each lecture has two summaries corresponding
to each reflection prompt. For both human annota-
tion and Al generation, three types of summaries
were annotated or generated: extractive, phrase-
level extractive, and abstractive. While creating hu-
man annotations, annotators were asked to extract
five reflections and five phrases that best represent
all student reflections for extractive and phrase-
level extractive summaries respectively. They were
also asked to write an abstractive summary to sum-
marize the major points of student reflections.

In the case of automatic summarizing, we evalu-
ate a selection of models presented by Zhong et al.
(2024), including those that are fine-tuned on hu-
man annotations as well as those that use causal
language models like ChatGPT in a zero- or few-
shot setting!. Among these, we have selected the
two best performing approaches, from findings by
Zhong et al. (2024), to collect summaries for each
summary type:

1. Extractive summary: MatchSum (Zhong et al.,
2020) and GPT-reflect (Zhong et al., 2024).
MatchSum uses a re-ranker, and follows a
two-stage paradigm to achieve state-of-the-art
extractive summarization. GPT-reflect uses
ChatGPT (GPT-3.5 turbo) to generate zero-
shot extractive summaries from reflections.

2. Abstractive summary: BART-Large (Lewis
et al., 2020) and GPT-1-shot (Zhong et al.,
2024). BART-large was fine tuned on human
annotations. GPT-1-shot uses ChatGPT (GPT-
3.5 turbo) prompted with a random summary
and corresponding reflections set from the hu-
man annotations.

"Details about annotation guidelines, model training and
generation prompts are provide in Zhong et al. (2024).
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3. Phrase-level extractive summary: GPT-noun
(Zhong et al., 2024) and GPT-noun-1-shot
(Zhong et al., 2024). Both use ChatGPT (GPT-
3.5 turbo) to extract 5 noun phrases from pro-
vided reflections where former is zero-shot
and later is one-shot.

For our analysis, we remove reflections by stu-
dents who do not disclose gender information,
leave it blank, or self-describe their gender. We
hope to analyze non-binary genders in future work
with more data available. REFLECTSUMM has an-
notations and summarizations for all student reflec-
tions, including those who do not provide demo-
graphic information. We considered summaries
where at least 80% of the reflections they sum-
marize are from students who indicated male and
female gender. This gave us a collection of 250
summaries.

4 Analysis Methodology

Our aim is to analyse any gender bias present in
reflection summaries. In order to achieve this goal
we apply topic modeling. Topic modeling learns
a distribution over a set of topics for a given text
document in an unsupervised fashion. We aim
to capture what topics are reflected in summaries
and measure their variance according to document
metadata, in our case the gender of students who
wrote the reflection. STM is designed for just this:
to associate topics with document metadata. STM
brings out the latent topics in a corpus of text and
allows the use of additional covariates to alter the
prior distribution used to estimate the latent topics
better. This feature sets apart STM from other topic
models like Latent Dirichlet Allocation (LDA) and
BERTopic (Grootendorst, 2022).

We first used topic modeling to learn the top-
ics present in the student reflections we have col-
lected and provide the topic distribution for each
reflection. We analyzed this topic distributions of
reflection across genders to address RQ1 and ex-
plore differences between reflections from male
and female students.
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Figure 2: Topical difference between Genders

To address RQ2 on gender bias in summaries,
we apply our learned topic model, trained to rep-
resent topics in the reflections, to estimate a topic
distribution within summaries. We then compute
the distance between the topic distribution of sum-
maries and the reflections they summarize in corre-
sponding lectures.

To address RQ3 on the nature of any bias in
summaries, we examine topics in the summaries
that are over-represented from the reflections of
some groups while under-represented from the re-
flections of other groups. In order to identify the
nature of bias, we compute a discrepancy measure
between the topic probabilities in summaries and
the genders involved.

5 RQ1: What differences, if any, are there
between reflections from male or female
students?

5.1 Learning the Topic Model

We trained STM model using its implementation
in R (Roberts et al., 2019). It takes documents (in-
dividual student reflection), metadata of interest
(gender) and number of topics as input. Along with
gender, we have also provided course name and
the prompt type (I or C) as metadata to control for
their possible confounding influence. We allow the
topic prevalence to vary by gender, type of prompt,
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Topic 37: interest, found, thought, cool - Gender: Female
1: I found the derivations the most interesting part of
today’s class.

2: I found it most interesting looking at the enzymes in
action in the video we had to watch. It was cool to see

the stains disappear.

Topic 30: learn, engin, failur, super - Gender: Female

1: I found it interesting to see how engineering errors have
caused major problems. I think that it is important for students
to learn about how ethics and preventative measures should be
taken into consideration when starting to design a project.

2: The most interesting I learned in class today was that
various companies in the past tried to name themselves to

be at the top of the alphabet.

Topic 14: question, top, hat, breakout- Gender: Female

1: the second conceptual top hat question

2: the second to last top hat question

Topic 38: project, new, design, present - Gender: Female

1: How presentations will work- will the final presentation be
recorded?

2: the design project and scoping out a location for our problem

Topic 29: also, know, frequenc, didnt, unclear - Gender: Male
1: Today, it was confusing knowing how to interpret the
frequency, wavelength, and time from the sinusoidal equations.

It was also a bit unclear how to know nodes vs antinodes.

Topic 17: valu, determin, flux, compar - Gender: Male
1: The picture representing high k value and low k value
2: key and none key application.

Topic 45: one, exact, anoth, constant - Gender: Male

1: The color bands caused by thin films.

2: It was interesting that intervention can cause more harm than
good. Another interesting thing would be the commons not
working out due to human negligence.

Topic 44: current, direct, move, wire, electron - Gender: Male
1: What sort of chemical reactions happen in the batteries, and
how does that lead to a moving current.

2: I found it confusing that both current density and electric

field are in the opposite direction of the flow of electrons.

Table 2: Top reflections for four most associated topics
with reflections of each gender

and course name, as well as interactions among
these covariates. Interesting (I) and confusing (C)
are included as covariates since they also affect
the content of the reflections and could act as con-
founding variables. Course is added to control for
potential confounding effects of having different
gender distributions in different courses. We used
the approach of (Mimno and Lee, 2014) to select
the optimal number of topics for this corpus (built-
in to the R implementation). We choose number of
topics as the mean ten runs of this approach (50)
and then trained the STM model using it.

5.2 Analysis and Results

STM, as in LDA, represents topics as a probability
distribution over words and documents as a proba-
bility distribution over topics. Figure 5 (Appendix
A.1) shows the topics identified by our learned
topic model, sorted according to highest proportion



in the documents. To help characterize these topics,
the top four words with the highest FREX score
(Roberts et al., 2019) are presented. Pre-processing
is performed before topic modeling by stemming
these words to reduce the sparsity of the vocab-
ulary. For example, the top words for Topic 44:
current, direct, move, wire, electron seem to relate
to electric current, which is a concept in the physics
subject.

We have learned our topic model on student re-
flections and we have an intuition of what topics
are present in those reflections. We can examine
this topic model to address RQ1 on differences
between reflections from male and female students.
STM provides a tool to estimate a regression model
predicting the learned topic proportion from doc-
ument metadata, which we use to examine the as-
sociation between topics and particular genders.
Associations between gender and the prevalence
of learned topics are presented in Fig. 2. Topics
that are further left in this figure are more inclined
towards female. For example, Topic 37: interest,
found, thought, cool and Topic 30: learn, engin,
love, failur is associated with female student re-
flections. Similarly, topics shown further right are
more inclined towards male. For example, Topic
29: also, know, frequenc, didnt, unclear and Topic
17: valu, determin, flux, compar are associated
with male student reflections. Topics which are at
around the center, near zero value, are not strongly
associated with any particular gender. With this
analysis we confirm that there are gender specific
topical differences in student reflection because
most of the topics are either side of the zero-center
line and there exist topics which are at extreme left
or right of the graph.?

To characterize differences in topics strongly as-
sociated with male and female student reflections,
we examine their top words and highly probable
documents. Highly probable documents, i.e. stu-
dent reflections, for four most associated topics
with each gender are shown in Table 2. This analy-
sis will provide us with better insight into the topics
and the contexts in which they appear.

Overall, we found only subtle differences in
male and female reflections in terms of their ways
of answering prompts and in different focuses of
concern. Along with rather trivial differences in
how female students answered the questions (in-

2We also plot topic gender associations mediated by

prompt type (I or C), available in the Appendix A.2. These
have similar topic associations as Fig. 2.
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cluding elements of the prompt), reflections from
female students were more likely to emphasize the
logistics of courses, such as projects and presen-
tations. Reflections from male students brought
up being unclear, but largely focused on specific
course concepts.

The topic most strongly associated with reflec-
tions from female students, Topic 37: interest,
Sfound, thought, cool conveys that female students
tended to explicitly use the words ‘found’ and ‘in-
teresting’ to react to lectures. This could indicate
relating their learning to themselves, but more prac-
tically indicates being more likely to copy parts of
the prompt (I) in their reflections (e.g., “I found
it interesting that...”). The second-most female-
oriented topic, Topic 30: learn, engin, failur, super,
also shows this tendency toward explicitly noting
their own learning (or simply responding to the
prompt in complete sentences). The content fo-
cus of this topic was on engineering failures that
students found interesting.

In contrast, top words and documents for most
male-oriented topics seem directly related to course
concepts, such as frequency of waves (physics)
shown in Topic 29: also, know, frequenc, didnt,
unclear. Similarly Topic 44: current, direct, move,
wire, electron refers to electric currents, another
concept in physics. They also mention being un-
clear about those concepts. Examining topic asso-
ciations with the prompt being interesting or con-
fusing (see Appendix A.2, Fig. 6), we see a slight
tendency for topics associated with male reflec-
tions to be associated with the confusing prompt
(especially Topic 44), whereas topics associated
with female reflections are more evenly balanced
in their associations with both prompts (I and C).

6 RQ2: Are summaries biased towards
any specific gender?

To measure how closely summaries represent the
reflections of male or female students, we estimate
the distance in topics captured in summaries from
those presented in reflections from both genders.

6.1 Computing Summary and Reflection
Distance

To see how representative summaries are of topics
brought up in male and female reflections, we esti-
mate topic distributions for summaries and calcu-
late distances between topic distributions for sum-
maries and reflections from both genders.



Distance Metric Human Annotation Al Generation
Extractive  Abstractive Phrase Extractive Abstractive Phrase
. . (MatchSum) F* (BART-large) M* (GPT-noun) F
£ &
cosine difference F F F | (GPTreflecty F* (GPTIshot) M# (GPT-noun-lshoty M
‘d F F F (MatchSum) F (BART-large) M* (GPT-noun) M
I (GPT-reflect) F (GPT-1shot) M#* (GPT-noun-1shot) M#*
. (MatchSum) F (BART-large) M* (GPT-noun) F
hellinger F F F | (GPTrefiecty F* (GPTIshoty M# (GPT-noun-lshoty M
(MatchSum) M* (BART-large) M* (GPT-noun) M#*
* * &
carthmover M M M* | (GPTreflect) M* (GPT-lshoty M# (GPT-noun-lshot) M*

Table 3: Inclination of Summary towards Gender. If the average distance of male reflections from the corresponding
summary is less than the distance to female reflections, this is marked as M. Otherwise, it is marked F. M* or F*
indicate the differences were significant by a #-test p < 0.05, hence biased towards that gender. Appendix A.3.

First, we infer topic distributions present in sum-
maries for both human annotations and Al gen-
erations using our topic model learned from stu-
dent reflections. To describe this process more
formally, let S* be the topic distribution in dimen-
sion T' (the number of topics) for summary ¢ and
R'=Ri, .., Ré-, ... be a list of topic distributions
in T for reflections associated with S°. R is also a
collection of male and female reflection topic distri-
butions which can be denoted as R* = R}, + R%.
Here R§\/1 is a list of Ré» reflection topic distribu-
tions where j belongs to male. Similarly, RS, is a
list of reflection topic distributions for female.

To inform our analysis of potential bias (RQ?2),
we aim to calculate how close each summary’s
topic distribution is to the topic distributions of dif-
ferent genders. Ideally summaries would represent
topics present in reflections from both male and
female students equally. A summary’s closeness to
a particular gender’s reflection with respect to other
genders would indicate bias towards that gender.
To analyse this closeness we computed the distance
D§\4 =9t — 3\4 and D, = St — Riﬁ. Similarly,
distances are calculated for all i€ N summaries
from their matched reflections, where [V is the total
number of summaries (250 as discussed in section
3). An average of these distances is calculated
for each gender as AvgD); = Zfil }Q/NDM
and AvgDp = Zfil D}},/NDF, where Np,s are
count of distances (Dj,) for male reflections and
similarly Npp for female reflections. AvgD s/ p
signifies the average distance between summary
topic distributions and their corresponding reflec-
tion topic distributions as per gender. A smaller
value among these two averages would indicate

3D%; and D% are list of distances between summary’s
topic distribution and specific gender’s reflection topic distri-
bution.
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summaries on average being closer to the gender
with lower average distance.

6.2 Analysis and Results

We evaluate distances between summaries and re-
flections across four different distance metrics to
see if any such differences we find are robust to the
choice of metric. We select metrics that are sym-
metric and commonly used to measure distance
across probability distributions such as our topic
distributions (Chung et al., 1989). We apply the fol-
lowing four distance metrics - (1) Cosine difference
(1 - cosine similarity), (2) Jensen-Shannon Diver-
gence (jsd), (3) Hellinger Distance and (4) Earth
Mover’s Distance. We calculated the average dis-
tances for human annotations and Al generations
across all three summary types using the previ-
ously described procedure for both genders. Table
3 shows a comprehensive view of our experiment
results. Here, the value of each cell is the result
of comparison between AvgDj; and AvgDp. If
AvgDyr < AvgDp, then the summaries on aver-
age are closer to male reflections, which is signified
as ‘M’. If the above condition is not true, then the
summaries on average are closer to male reflections,
which is signified as ‘F’.

In order to check the significance of the mean dis-
tances we find from summaries to male and female
reflections, we drawn out 1000 completely ran-
dom samples Random D s and Random D from
a concatenated list of D}, + ... + D%, + ...+ D%,
and D}, + ...+ D}', + ... + D7 respectively for
each gender. We performed a Student’s t-test with
RandomD); and Random D and identified the
human annotation and Al generations whose p-
value is < 0.05. This signifies that those sum-
maries are significantly skewed toward one gender
over another. The significant ones are marked as
"M* or "F*’ (considering the closeness result as



mentioned above) in Table 3.

Our experimentation results (Table 3) shows that
results are mixed and inconclusive across distance
measures for human annotations. When we shift
our focus towards Al generations, we see different
result patterns across all summary types.

Starting with the most consistent one, we see Al
models generating abstractive summaries are con-
sistently biased towards male reflections. BART-
large (Zhong et al., 2024) was fine tuned on hu-
man annotations where as GPT-1shot (Zhong et al.,
2024) was provided with a random summary and
corresponding reflections set from the human an-
notations. This results contrast with the result for
human annotations which were mixed.

However, in the case of AI models generating
extractive summaries - MatchSum (Zhong et al.,
2020) which is also trained on human annota-
tions, results are also mixed. Another extractive
summarization Al model examined is GPT-reflect.
Although, it has no relation with human anno-
tations, it follows the similar pattern except for
Hellinger distance. For phrase-based extractive
summarization models, GPT-noun and GPT-noun-
1shot (Zhong et al., 2024) are similar in the sense
that both are asked to extract 5 noun phrases and
dissimilar in the sense that former is zero-shot and
later is one-shot. It is interesting to note that GPT-
noun toggled regarding closeness to a particular
gender but when provided with an random example
it became consistently closer towards male and sig-
nificant as well indicating bias. Among all these ob-
servations, a unique observation of consistent bias
towards male, irrespective of human annotations
or Al generations, can be seen for Earth Mover’s
distance. To go deeper into what this observed bi-
ases entails, we need to understand the nature of
the bias which we have shown in the next section.

7 RQ3: If so, what is the nature of the
gender bias in reflection summaries?

7.1 Computing Discrepancy

For fairness, we want the topic distributions in sum-
maries to equally represent both genders. How-
ever, our analysis investigating RQ2 found that
abstractive Al summaries are biased toward rep-
resenting male reflections. To dig deeper, we
want to find which topics in particular contribute
to this bias; we want to analyze how discrepant
the topics are in the favored gender with respect
to the disfavored gender. To measure this, we

67

Top 10 Topic Discrepancies Topic Probabilities

22

2

[l
L

23

& w

S

42

Topic Indices

12

-
L)

S

—

7

HﬂﬂWEMHDHmmuHﬂﬂﬂﬂuHﬂﬂm@uﬂ{ﬂ

[
=

—
o

0.000 0.025 0.050 0075 0.100
Prabability

0.02 003 004

Discrepancy

0.01

(=]
pog
(=]

Figure 3: Top Discrepant Summary Topics - Bart-large

Top 10 Topic Discrepancies Topic Probabilities

2

22

[
L

23

[

&

&

CEE T Om O B L o0 ] B

Topic Indices

S

42

12

—
L

'S

18

—
oo

Hﬂ“mﬂﬂ“ﬂﬂ{]ﬂ[jﬂ[jﬂ[jﬂﬂﬂﬂﬁg"

—

0000 0025 0050 0075 0100
Prabability

002 003 004

Discrepancy

001

[=]
=
=

Figure 4: Top Discrepant Summary Topics - GPT-1shot



Topic 22: tree, binari, travers, search

- Under-representing Female

1: how do you delete a black node vs. a red node from a
red-black bst?

2: How to label and binary search tree. And the build
tree method in the binary tree code

Topic 13: point, big, runtim, collis

- Under-representing Female

1: I was confused about the Big O runtime details.

I would love further explanation on how we can determine
the estimated runtime. I would also like to know any tricks
to more easily determine Big O. Additionally, I do not
understand the difference between Big O, Little O, theta,
and tilde.

2: BFS - how to keep track of what is seen/unseen

Topic 3: abl, group, team, meet

- Over-representing Male

1: A04 and dividing work amongst team members

2: It was interesting to join groups and work together. It
helped eliminate most confusion. And it was interesting to
meet new people

Topic 42: class, today’, assign, onlin

- Over-representing Male

1: I think that the part that was most confusing today was
what we were supposed to do for the in class assignment
in class 2b

2: Due dates for assignment 10

Table 4: Top Reflections for Discrepant Topics

first computed the mean topic distribution for sum-
maries MeanS =1/ n*Zfi | S? and both genders
MeanRy; = Ef\il o/ Efil count(RY,) and
MeanRp = YN RL/ SN count(RL). We
choose to analyze the most consistent one in terms
of gender bias, i.e. the Al-generated abstractive
summaries. Since, it is biased towards male gen-
der, we compute Discrepancy |MeanS —
MeanRp| — |MeanS — MeanRys|. This com-
putation will give us discrepancy, i.e. how skewed
that topic was toward male or female students, for
each of the T topics.

7.2 Analysis and Results

Our aim is to find out which male topics are being
over-represented in biased summaries and which
female topics are being under-represented. So, we
extracted the top 10 topics * in decreasing order of
discrepancy as shown in left part of Fig. 3 and Fig.
4. For each extracted topic we looked at its prob-
ability in MeanS, MeanRy; and MeanRp. Let
those probabilities be p(MeanS*), p(MeanRY,)
and p(MeanRY.), respectively, where teT". These
probabilities are shown in right part of Fig. 3 and
Fig. 4. Now we compare these probabilities to

*These are discrepant topics for summaries, not reflections.
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figure out over-represented male topics and under-
represented female topics. If p(MeanS?) is lowest
among the three and p(MeanRY,) < p(MeanRY,)
then for topic ¢ the summary is under-representing
female reflections. On the flip side, if p(MeanS?)
is highest among the three and p(MeanRY,) >
p(MeanRY.) then for topic ¢ the summary is over-
representing male reflections. It can be observed
from Fig. 3 right part that 4 out of 10 topics (22,
13, 4, 1) are under representing female reflections
and remaining 6 topics (23, 3, 38, 42, 27, 19) are
over representing male reflections.

To understand these topics better we can look
into their top words and reflections (described in
section 5). Table 4 shows the details of two top-
ics for each under-representing female and over-
representing male categories. On analysis we dis-
covered a common theme for both the categories.
Topics that under-represented female referred to
specific concepts like Topic 22: tree, binari, travers,
search, bst, black, red where female students want
to know about some functions of red-black tree
and binary search tree - concepts belonging to com-
puter science. Whereas, topics in summaries that
over-represented male reflections were closer to
a pedagogical theme instead of being related to
concepts. For example, reflections from Zopic 3:
abl, group, team, meet, teammat, everyon, work in
Table 4 shows that male students are talking about
teamwork. Topic 42: class, today’, assign, on-
lin, brightspac, smooth part also follows the same
trend, where male students seem concerned about
entire assignment or it’s due date, instead of any
specific concept or question in that assignment or
where to focus in order to complete by due date.

Similar themes for both under-representing fe-
male and over-representing male topics were ob-
served across all extracted discrepant topics for
Bart-large and GPT-1shot models (top words and
reflections are in Appendix A.4). It was also in-
teresting that both Bart-large and GPT-1shot share
70% of top discrepant topics (see Fig. 3 and Fig. 4),
providing evidence of convergent validity for our
findings (both consistently biased towards male)
and techniques for addressing RQ2.

With the discrepancy analysis we are able to find
the nature of the bias answering RQ3. We have
performed this analysis for Al-generated abstrac-
tive summaries, however, the same can be applied
for other summary types, regardless whether how
they were generated. It’s important to mention that
our work deals with identifying bias. A natural



followup question emerges about mitigating bias.
To address this question one must find the reason
for bias which in itself is a complex question to
answer. Hence it can be formulated as future work.

8 Conclusion

In this work, we present the results from our fair-
ness analysis of REFLECTSUMM (Zhong et al.,
2024), a benchmark student reflection summariza-
tion dataset. We structured our analysis around
three research questions: what topics differ be-
tween student reflections between male and female
students (RQ1), are different types of summaries of
those reflections biased toward any gender (RQ2),
and if so, what is the nature of that bias (RQ3)?

We found slight topical differences between
male and female reflections, such as female stu-
dents being more likely to mention course logis-
tics and refer explicitly to their own learning than
male students. We also found that Al-generated
abstractive summaries were biased towards male
reflections, irrespective of whether the model was
trained on human annotations or used generative
causal model like ChatGPT. Human-generated sum-
maries and extractive Al summaries did not exhibit
consistent patterns of gender bias.

For the abstractive AI summaries, we found that
topics with a pedagogical theme in the summaries
are over-represented from male reflections while
concept-specific topics were under-represented
from female reflections. Such biases caution the
use of popular LLM-based abstractive summariza-
tion techniques with educational reflection data.

This work could be extended to other educational
datasets such as OULAD (Kuzilek et al., 2017),
which has more demographic data, however there
are not many student reflections available. Some
issues with working with reflections data is hence
the size and availability of these datasets. Our
work could also be extended to analyze other de-
mographic information present in REFLECTSUMM,
such as race and ethnicity, as well as reflections
from students identifying with genders outside of
the gender binary.

We find STM to be a useful approach for ana-
lyzing bias in our case. Tracing where this bias
could have originated in different training datasets
with other tools (Feng et al., 2023) and across other
abstractive summarization models would help illu-
minate possible sources of this bias.
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9 Limitations

We have provided a basis framework for bias anal-
ysis. A deeper analysis on the basis of prompt or
course is application specific and not performed as
part of this work. However, it should be an natural
extension for a complete analysis. Our analysis
provide a birds eye view stating whether on aver-
age summaries are biased or not. Addition to this,
a fined-grained analysis on individual summaries
can be performed using our proposed techniques.
STM finds all sorts of topics, those that are talking
about content, logistics, etc. Other work may wish
to filter the text first or otherwise specify the type
of content they wish to investigate, such as com-
ments about course content, learning style, learning
technologies, classroom environment, etc.

10 Ethical Statement

It’s of utmost importance to safeguard student de-
mographic information from misuse. Safety mea-
sure have already been performed by Zhong et al.
(2024). Their released version of the dataset con-
tains no personal information like emails, first and
last names and and other identification attributes.
Our analysis is performed on this released version.

11 Bias Statement

By examining gender bias in summarization sys-
tems for student reflections, we are particularly con-
cerned about the risk of allocational harm (Craw-
ford, 2017; Lloyd, 2018; Blodgett et al., 2020). The
intended use of such educational technologies is
to summarize a potentially unwieldy number of
reflections for teaching staff to understand student
feedback about lectures and course content. If these
summaries more closely represent the opinions and
concerns of some groups while leave the comments
of others unrepresented, teaching staff will only
hear from and potentially adjust the class based on
feedback from those groups.

We are particular concerned about gender bias
in STEM courses due to a history of exclu-
sion of female students from and within these
courses (Clark Blickenstaff, 2005; Vincent-Ruz
and Schunn, 2018). This history of bias and exclu-
sion in university courses can contribute to fewer
women in STEM professions and a potentially
more hostile work environments (Arredondo et al.,
2022). As education technologies are increasingly
incorporated into such classes, they have the poten-
tial to further this bias and exclusion if not investi-



gated properly. Our work is a step in this direction
to measure gender bias for one such tool, automatic
summarizations of student reflections.
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A Appendix

A.1 Top Topics

Fig. 5 shows all the topics learned by the topic
model (as described in section 5) in decreasing
order of expected topic proportions. For each topic,
top four words ranked according to FREX score
(Roberts et al., 2019) are also specifies which help
in characterizing the topic.

A.2 Topical Analysis

Along with estimating a regression model to find
association between topics and particular genders
(as described in section 5) we also estimated a sim-
ilar one to find associations between topics and
prompts types (I and C) which is shown in Fig.
6. We also went a step deeper in our analysis and
plot topic gender associations mediated by prompt
type (I or C), as shown in Fig. 7 (mediator being
prompt I) and Fig. 8 (mediator being prompt C).
Similarly, we plot topic gender associations medi-
ated by course, as shown in Fig. 9 (mediator being
course CS), Fig. 10 (mediator being course ENGR),
Fig. 11 (mediator being course CMPINF) and Fig.
12 (mediator being course PHYS).

A.3 Bias Analysis

Tables 5 shows details about the mean distance cal-
culated between summaries and their correspond-
ing reflections for each gender (as described in
section 6). We performed a Student’s t-test on a
random sample of these computed distances. The
p — value for each corresponding test is also men-
tioned in the table. The significant ones whose
p — value is < 0.05, marked with xp — value.

A.4 Discrepant Topic Reflections

Table 6 and Table 7 show top words and top re-
flections for all the discrepant topics identified in
section 7 for both abstractive summary generation
Al models - BART-large and GPT-1shot.
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Distance Human Annotation Al Generation
Metric Extractive Abstractive Phrased Extractive Abstractive Phrased
M:0.448 M:0.474 M:0.470 (MatchSum) M:0.453 F:0.444  (BART-Large) M:0.551 F:0.555 (GPT-noun) M:0.486 F:0.483
L-cosine F:0.442 F:0.473 F:0.468 *p-value:0.006 *p-value:8.7e-05 *p-value:0.001
*p-value: *p-value: p-value: (GPT-reflect) 0.46 F:0.45 (GPT-1shot) M:0.55 F:0.57 (GPT-noun-1shot) M:0.482 F:0.486
0.01 0.03 0.08 *p-value:0.0002 *p-value:1.5e-07 p-value:0.65
M:0.157 M:0.169 M:0.1480 (MatchSum) M:0.16 F:0.15 (BART-Large) M:0.18 F:0.20 (GPT-noun) M:0.16 F:0.59
. F:0.154 F:0.165 F:0.1487 p-value:0.25 *p-value:0.3.6e-07 p-value:0.98
Jsd p-value: p-value: p-value: (GPT-reflect) M:0.16 FO.15 (GPT-1shot) M:0.18 F:0.20 (GPT-noun-1shot) M:0.15 F:0.16
0.96 0.25 0.81 p-value:0.14 *p-value:2.6e-08 *p-value:0.03
M:0.40 M:0.42 M:0.389 (MatchSum) M:0.408 F:0.402 (BART-Large) M:0.44 F:0.46 (GPT-noun) M:0.405 F:0.401
hellinger F:0.39 F:0.41 F:0.388 p-value:0.25 *p-value:1.8e-5 p-value:0.26
p-value: p-value: p-value: (GPT-reflect) M:0.4 F0.39 (GPT-1shot) M:0.44 F:0.47 (GPT-noun-1shot) M:0.39 F:0.40
0.28 0.6 0.8 *p-value:0.01 *p-value:1.5e-6 p-value:0.09
M:0.005 M:0.005 M:0.006 | (MatchSum) M:0.0062 F:0.0068 (BART-Large) M:0.006 F:0.007 (GPT-noun) M:0.0072 F:0.0077
earthmover F:0.006 F:0.006 F:0.007 *p-value:0.001 *p-value:5.4e-11 *p-value:0.001
*p-value: *p-value: *p-value: | (GPT-reflect) M:0.0061 F0.0066  (GPT-1shot) M:0.006 F:0.007  (GPT-noun-1shot) M:0.006 F:0.007
4.3e-6 1.1e-6 0.02 *p-value:7.8e-5 *p-value:5.1e-10 *p-value:le-5

Table 5: Mean Difference between Reflection (for each gender) and Summary.

Topic 22: tree, binari, travers, search - Under-representing Female
1: how do you delete a black node vs. a red node from a red-black bst?
2: How to label and binary search tree. And the build tree method in the binary tree code

Topic 13: point, big, runtim, collis - Under-representing Female

1: I was confused about the Big O runtime details. I would love further explanation on how we can determine

the estimated runtime. I would also like to know any tricks to more easily determine Big O. Additionally, I do not
understand the difference between Big O, Little O, theta, and tilde.

2: BFS - how to keep track of what is seen/unseen

Topic 4: algorithm, abstract, network, prim - Under-representing Female

1: The most interesting part was the application of emojis stored in unicode as well as audio encodings in relation to MP3
players.

2: eager prims and lazy prim

Topic 1: forc, object, mass, resist - Under-representing Female
1: I think it’s interesting that momentum can be conserved if no external forces are acting on an object.
2: linear momentum using center of mass, derivative of momentum

Table 6: Top Reflections for Discrepant Topics - Under-representing Female. Sorted in decreasing order of
discrepancy.

73



Topic 23: figur, instruct, criteria, sourc - Over-representing Male

1: When printing a vector, I am able to display it in individual statements in the command window, with one fprintf statement.
However, when I am attempting to display two vectors like I would with two values in a fprintf stament it does not work.

2: I found it interesting that there were 5 spots open for criteria but only 4 listed. Why bother with adding a blank row?

Topic 3: abl, group, team, meet - Over-representing Male

1: A04 and dividing work amongst team members

2: It was interesting to join groups and work together. It

helped eliminate most confusion. And it was interesting to meet new people

Topic 38: project, new, design, present - Over-representing Male
1: Introduction of new design project
2: Taking a look at the new memo to see the new project

Topic 40: data, comput, regress, communic - Over-representing Male
1: The Data, Information, Knowledge, Wisdom debatability.
2: How data is raw and needs to be processed into information and that data can ultimately be turned into wisdom

Topic 42: class, today’, assign, onlin - Over-representing Male
1: I think that the part that was most confusing today was what we were supposed to do for the in class assignment in class 2b
2: Due dates for assignment 10

Topic 18: need, detail, prototyp, suppos - Over-representing Male
1: I was confused on what to do on some places because I couldn’t find the documents in brightspace.
2: The type of prototypes that we have to make by Monday for testing.

Topic 27: noth, everyth, explain, clear - Over-representing Male
1: Nothing, today went at a great pace
2: Nothing. You explained everything very well

Topic 19: sinc, multipl, put, main - Over-representing Male

1: I may need more clarity on prefix trees since they’re kinda complicated especially when there are many nodes

2: The idea of communication between living cells was very interesting, but dwelling too much time on it may be off the mark
for the scope of this class. Perhaps the idea of packet switching on the internet could be related

to neurotransmitters or some other physical packet.

Table 7: Top Reflections for Discrepant Topics - Over-representing Male. Sorted in decreasing order of discrepancy.
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Interesting vs Confusing

Top Topics

Topic 37: interest, found, thought, cool
Topic 35: confus, littl, bit, still
1 -

Topic 27: noth, today, lectur, everyth

Topic 39: field, electr, energi, magnet
Topic 42: class, part, assign, today...
Topic 25: differ, thing, way, right
Topic 7: circuit, integr, real, voltag

Topic 22: enjoy, tree, method, binari
Topic 3: work, idea, abl, group
Topic 21: relat, vector, graph, acceler
Topic 5: use, function, excel, logic
Topic 14: question, first, top, hat
Topic 33: like, see, light, look
Topic 34: problem, solv, practic, explan
Topic 44: current, direct, chang, move
Topic 1: forc, object, mass, visual -0.06
Topic 6: understand, realli, help, better

Topic 38: project, will, new, start
Figure 6: Topical Difference between Prompts
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Abstract

Instructional texts for different audience groups
can help to address specific needs, but at the
same time run the risk of perpetrating biases.
In this paper, we extend previous findings on
disparate social norms and subtle stereotypes
in wikiHow in two directions: We explore the
use of fine-tuned language models to determine
how audience-specific instructional texts can be
distinguished and we transfer the methodology
to another language, Italian, to identify cross-
linguistic patterns. We find that language mod-
els mostly rely on group terms, gender mark-
ings, and attributes reinforcing stereotypes.

Bias Statement

In this study, bias is defined as systematic differ-
ences in content and presentation of wikiHow arti-
cles that are tailored to different audiences, particu-
larly in ways that can reinforce gender stereotypes
or inequities. Such biases include the allocation
of topics in a way that reinforces traditional gen-
der stereotypes as well as the use of language that
perpetuates hetero-normative gender roles.
Following Blodgett et al. (2020), we recognize
that bias is not merely a technical issue but a deeply
embedded social problem that reflects structural in-
equalities. This work analyzes social constructs, as
described in collaboratively edited how-to guides,
in which biases operate and which, when used as
training data, can raise issues in NLP systems.
Potential harms of biased data, as defined above,
include unequal access to information, exposure to
content that can affect self-esteem and self-worth,
as well as limiting individual aspirations. We iden-
tify sources of underlying biases in the data as a
starting point for editors to create fairer content
and for developers to foster more ethical Al sys-
tems. As such, our work aims to actively promote
diversity and inclusion on a specific online plat-
form and to generally contribute to a more nuanced
understanding of origins of gender bias in NLP.
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Flirtare Via SMS (Per Ragazze)

“Flirting Via SMS (For Girls)”
Lascia che sia lui il primo a scrivere!
“Let him be the first one to write!”

Essere Figo alle Superiori (per Ragazzi)
“Being Cool in High School (for Boys)”
Focalizza Iattenzione sulle ragazze.
“Focus attention on the girls.”

Table 1: Examples from wikiHow in Italian.

1 Introduction

Instructional texts aim to convey the necessary
knowledge for readers to accomplish specific tasks.
On the collaboratively edited online platform wiki-
How, hundreds of thousands of instructional texts
are available on a variety of topics and in multiple
languages. The goal, or mission, of this vast repos-
itory is to democratize access to knowledge and
skills across diverse subject matters.! Among other
works on wikiHow, prior research has explored in
how far texts are formulated in linguistically in-
clusive terms and which adjustments are made for
specific target audiences (Suhr and Roth, 2024; Fan-
ton et al., 2023). However, these previous studies
primarily relied on simple classifiers and focused
exclusively on English texts, leaving a gap in under-
standing multilingual phenomena and if fine-tuning
language models might exacerbate biases (see §2).

Acknowledging the limitations of prior research
to English, we first compile a new dataset in a less
resourced language, specifically Italian (see §3).
Our initial research question investigates how texts
for different target audiences in English and Ital-
ian vary in terms of the topics they address (see
§4). This exploration directly contributes to the
analysis of social biases in the data (see Table 1 for
an example). To draw comparisons with previous

]https: //www.wikihow.com/wikiHow:Mission
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research, we then explore how articles for different
target groups can be distinguished computation-
ally and which characteristics are learned in this
process (see §5). Unlike previous work, we em-
ploy fine-tuned language models and utilize a well-
established interpretation method, integrated gra-
dients (Sundararajan et al., 2017). This approach
represents a recent advancement beyond simple
classifiers to interpreting more sophisticated mod-
els that can provide deeper insights into language
use and biases.
In short, we make the following contributions:

e We release a new data collection,
wikiHowAudIT (short wHA-IT), and
assess the audience-specific biases in how-to
guides by a topic-based data analysis.

* We cross-lingually compare biases in wHA-
IT and in an existing English dataset,
wikiHowAudiences (short WHA-EN; Fanton
et al., 2023), by fine-tuning and analyzing lan-
guage models for audience classification.

2 Related Work

In this section we briefly review three related areas:
Our work continues a series of recent contributions
dealing with the collection of data sets for Italian.
While there exists little work on instructional texts
for Italian, data in English has been examined and
tested from different angles and perspectives in the
NLP community. Finally, work on model-based
data interpretation has received increasing atten-
tion, but almost no work studied biases in audience-
specific instructional texts.

Italian NLP datasets. Recent data collections
for the Italian language include DIATOPIT (Ram-
poni and Casula, 2023a), a dataset representative in
time and space on variations of non-Standard Ital-
ian. A new shared task for geo-locating the linguis-
tic variation in Italy (Ramponi and Casula, 2023b)
is based on this data collection. Another recent
effort for the Italian language is IRMA, a data col-
lection for studying misinformation (Carrella et al.,
2023). In their paper, the authors curated a dataset
from untrustworthy websites, and emphasized its
significance for the less-represented language stud-
ied. Minnema et al. (2023) advance the task of
responsibility perspective transfer, in the context
of studying gender-based violence, and a dataset
of sentences for Italian news about femicides. To
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the best of our knowledge, there are no previous
studies on how-to guides in the Italian language.

Instructional texts. Anthonio et al. (2020) in-
troduced wikiHowTolmprove, a data collection of
original and revised sentences based on wikiHow
articles and their revision histories. Kojima et al.
(2021) contribute with a continual approach for
instruction generation. Fanton et al. (2023) exam-
ine audience-specific wikiHow guides in English.
They find traces of subtle biases, using shallow clas-
sifiers and qualitative analyses. In this work, we
extend their findings to fine-tuned language models
in two languages.

Interpreting Language Models. A number of
methods have been proposed recently for interpret-
ing fine-tuned language models. Our work makes
use of Integrated Gradients (Sundararajan et al.,
2017), which computes the gradients of a model’s
output with respect to the input, based on (stepwise)
back-propagation and summation as an approxima-
tion method. Falk and Lapesa (2022) employ a vari-
ant of Integrated Gradients for getting attributions
and importance scores. They point to the capabili-
ties of such method(s) “to uncover potential biases
picked up by the model”. In their case, the reveal
of these biases concerns how the model’s class pre-
diction is influenced by sensitive words. Luu and
Inoue (2023) propose the Counterfactual Adversar-
ial Training (CAT) technique, with the broader goal
of improving LMs’ robustness. They make use of
Integrated Gradients in CAT for calculating tokens’
salience, before obtaining the counterfactual pertur-
bations. This is then put into practice by changing
the thus extracted important tokens. Other works
that rely on Integrated Gradients include studies on
irony detection in Dutch (Maladry et al., 2023) and
gender-based violence in Italian (Minnema et al.,
2023), among others.

3 Data

We first build a data collection to investigate our
first research question, namely how texts for dif-
ferent target audiences in Italian vary in terms of
the topics they address. As a starting point, we use
how-to guides from publicly available wikiHow
dumps2 for Italian. Out of 34,801 guides, 1,031 fea-
ture an indicator between round parentheses at the
end of the title (see Table 1). For each guide featur-

2https: //ftp.fau.de/kiwix/zim/wikihow/, we refer
to this file: wikihow_it_maxi_2023-02.
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Audience wHA-IT wHA-EN
Women (W) 143 993
Men (M) 100 209
Kids (K) 22 499
Teens (T) 158 411
Total 423 2,112

Table 2: Distribution of articles across target groups.

C Cluster Name K T
0 routines 20 13
"1 attitudes 15 15
’ 727 ‘relationships

and friendships 20 18
"3 clothes and style 5 11
’ ;{ ‘preparation

and organization 20 15
5 self-care 5 18
"6 school and work 15 8

Table 3: Cluster assignments (percentages) for the two
audience groups pertaining the K-T task in wHA-IT.

ing a group indicator, we use wikiHow’s Esporta’®
service to get the latest version. Following previous
work (Fanton et al., 2023), we manually categorize
the indicators into four target groups: Women (W),
Men (M); Kids (K), Teens (T). Similar to previous
work, we find that there is a lack of indicators for
non-binary/other groups (see §A.1 for a complete
list of common indicators), forcing us to consider
only binary distinctions: Women—Men (W-M) and
Kids—Tens (K-T).* Table 2 comprises the distribu-
tion over audience groups for the wikiHowAudIT
(WHA-IT) corpus, which comprises a total of 423
how-to guides, and for the corpus from previous
work (WHA-EN). For training, validation and test-
ing, we create stratified experimental partitions for
each task with a proportion of 8 : 1 : 1 (see Table
12 in A.2 for details).

4 Data Analysis

We address our first research question, namely how
texts for different target audiences in Italian vary in
terms of the topics, by clustering articles according
to their content. We describe the approach in §4.1
and findings in §4.2. For this part of our work, we

3https ://www.wikihow.it/Speciale:Esporta
“Note that an article may target two groups, meaning that
some data points appear in both distinctions.
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C Cluster Name W M
0 organize activities 16 11

* 717 ‘physical aspect
and care 9 13

’ 727 ‘body-related
(genitals) 9 10

’ 737 ‘body-related
(care) 17 18

"4 health 6 10

’ 757 ‘body-related
(fat) 6 4

"6 clothes and style 12 11

"~ 7 night-time 3 4

’ 787 ‘body-related
(diet) 6 3

’ 797 ‘relationships
and friendships 15 14

Table 4: Cluster assignments (percentages) for the two
audience groups pertaining the W-M task in wHA-IT.

focus exclusively on the TRAIN and DEV partitions
of the data in Italian, so that the TEST part remains
held-out for computational experiments (see §5).

4.1 Clustering Approach

Our approach makes use of agglomerative clus-
tering, using embeddings for capturing the con-
tents of each article. First, we embed the arti-
cles with a sentence-transformer model® (Reimers
and Gurevych, 2019). Second, we normal-
ize the embeddings obtained. Third, we lever-
age the scikit-learn (Pedregosa et al., 2011)
AgglomerativeClustering algorithm and default
options to put into practice the clustering, with the
distance threshold set to 1.5.° Finally, we review
the titles of the guides assigned to each cluster in
order to find an overarching topic.

Inspired by Montariol et al. (2021), we perform
an additional validation for topics as cluster names.
Specifically, we collect all word tokens within the
articles of a cluster and sort them according to their
tf-idf scores, providing us with the tokens that seem
most relevant for the cluster. In order to select the

SThe LM used here for wHA-IT is
nickprock/sentence-bert-base-italian-uncased with
input size 512 tokens, for wHA-EN
sentence-transformers/all-mpnet-base-v2 (384).

®The value of the distance threshold chosen is the default
value implemented in the sentence-transformers library for
the agglomerative clustering. For wHA-EN, we raised the
threshold to 4 experimentally.
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0 stanza camera tema cose ta genitori cosa
“room” “bedroom”  “theme” “things” “ta” “parents” “thing”
1 ta  sopracciglia  viso costume  lenti  fascia  capelli
“ta” “eyebrows” “face” “costume” “lenses” “band” “hair”
2 cla  midi pub erta infezione  vagina  urina
“cla” “midi” “pub” “erta” “infection”  “vagina” “urine”
'3 capelli  pelle peli  ila viso  lava  crema
“hair” “skin” “hair” “ila” “face” “washes” “cream”
4 ta  genitori  sito cosa  tosse  parlare  medico
“ta” “parents” “site” “thing” “cough” “speak” “doctor”
5 peso calorie ~  perdere ~ esercizi im  pesa | pesi
“weight” “calories” “loose” “exercises” “im” “weighs “weights”
"6 vestiti.  indossa  pantaloni abbigliamento  scarpe ~ stile indossare
“clothes” “wears” “trousers” “clothing” “shoes” “style” “wear”
7 sveglio 00  sveglia notte  letto  restare  colazione
“awake” “00” “alarm” “night” “bed” “remain”  “breakfast”
'8 calorie  peso mag dieta pasti  mangiare  grasso
“calories” “weight” “may” “diet” “meals” “eat” “fat”
9 i lei ragazzo  ragaza  cosa gay  parlare
“him” “she” “boy” “girl” “thing” “gay” “speak”

Table 5: Highest scoring tokens (Italian, “translated”) for each cluster in the TRAIN U DEV parts of the W-M data.

most discerning tokens, for each cluster we leave
out the tokens featured in all the other clusters.

We execute agglomerative clustering for each
task separately: one time for the task W—M and
once for K-T. For cross-lingual comparison, we
perform the same steps for the wHA-EN corpus
introduced by Fanton et al. (2023).

4.2 Cluster Findings

For the task W—M in wHA-IT, we found 10 clus-
ters. For the task K—T, we found 7 clusters. An
overview of the clusters for both tasks are shown in
Table 3 and 4, including topic-based cluster names
and counts for each target group. For W—-M we find
a prevalent presence of body-related clusters (la-
belled with 1, 2, 3, 5, 8), as well as socially coded
occupations (labelled with 0, 4, 6, 7, 9). Interest-
ingly, there are two clusters (labelled with 5 and
8) that focus not only on physical aspect, but also
more in detail about being fit. Additional details
can be seen based on the highest-scoring tokens
(“weight”, “calories”, “fat”), as summarized for all
clusters in Table 5. For K-T, unlike the previous
task, we find more behavioral and social activities.

In summary, our analysis on WHA-IT shows how
the examined articles are clusterable by topical in-
formation across audiences, indicating that topics
are not specific for a target group. Considered these
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overlaps, we remark that there are less topical bi-
ases than we had assumed and it may be interesting
to see which differences a computational model
learns for distinguishing audiences in Italian.

In wHA-EN, we find 11 clusters for W-M, dis-
tributed over both target groups (see Table 7). For
K-T, we find 8 clusters (Table 8). For W-M, we
meta-group the clusters. The activities to perform
in specific places, like in school or outside are la-
belled with 0, 5, 7, 8. Moreover, a further dis-
tinction is between activities in relation to others
(labelled with 2, 10) and activities in relation to
oneself (labelled with 1, 3, 6, 9). However, clus-
ter 4 (appear and act) cannot unambiguously be
allocated to activities in relation to others, nor to
activities in relation to oneself, because it features
subtly disparate guides. As examples, we show two
titles per audience from that cluster:

W: “Be Drama Free”,
“Eat Healthy Around Your Friends”
M: “Look Handsome”, “Be More Socially Open”

The first example each might imply to work more
on oneself rather than in direct relation to others,
but it is not possible to conclude exactly so for the
other two. That is to say, to eat in a certain way
around other people, and to be more socially open,
requires at least some relation to others.



C W-M

0 party her paint could bedroom
1 shoes black jeans colors  shirts
2  her she him he enemy
3 erty pub ac dry ne
4 her makeup popular smile act
5 alarm wake homework breakfast makeup
6 weight fat cal ories foods
7 dance date her makeup  she
8 pack Dbag camp swim suit
9 comb dry hairs oil gel
10 he  him his crush guy

parents furniture games play bag
makeup  shirt pair color shorts
crush relationship his could girlfriend
ving sha shave her razor
others he she teeth talking
teeth clock class  routine early
diet muscle exercise muscles lose
shoes him party he dancing
suitcase  items packing  pool locker
ay condition tyle scalp pr
smile flirt kiss conversation guys

Table 6: High scoring tokens for each cluster in the TRAIN U DEV partitions of the W-M data (WHA-EN).

C Cluster Name W M
0 fun activities 15 5
"1 clothes and style 22 23
7 727 " relationships and
friendships 5 18
3 personal care 10 13
"4 appear and act 17 13
5 routines and school 7 2
o é " body-related
(weight) 3 4
7 goingout 6 9
8 wvacation 5 1
"9 hairstyles 1 8
7 1(; ~love 7‘7 B f 777777777777
relationships 8 4

Table 7: Cluster assignments (percentages) for the two
audience groups pertaining the W-M task in wHA-EN.

Table 6 shows the most discerning tokens for the
clusters induced from the English data for W-M.
We note that pronouns appear among the highest
scoring tokens for several clusters (e.g. clusters 0,
2 and 10), which are at the same time large clusters
that contain disproportionally many articles for one
of the two target groups (cf. Table 7).

Cross-lingually, we find for W-M that rela-
tions to other people (e.g. relationships and
friendships), as well as self-centered activities
(self-care, personal care) are similarly present
in English and Italian. In contrast, body-related
topics only seem narrowly present in wHA-EN,
whereas they are highly pervasive in wHA-IT. The
topics for K-T are largely overlapping across lan-
guages. For instance, we find routines for both
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C Designation K T
0 routines 8 9
1 lifestyle 8 18
’ 727 ‘young people’s

issues (general) 25 27
"3 parties 8 7T
"4 money (games) 7 5
5 relationships 7 13~
"6 holiday 10 12
"7 crafting ] 28 9

Table 8: Cluster assignments (percentages) for the two
audience groups pertaining the K-T task in wHA-EN.

languages. Similarly, we find relationships
and friendships, clothes and style in wHA-
IT and relationships, lifestyle in wHA-EN.
However, self-care emerges only from the Ital-
ian data, while crafting and money (games) are
specific to the English data, which may point at a
need for financial education of the younger genera-
tions (Lusardi, 2019).

5 Experimental Setup

Given the data and analyses of the previous sec-
tions, we next investigate what features and biases
computational models learn when they are trained
to distinguish articles for different audiences.

5.1 Models

As discussed in Section 2, previous work attempted
to distinguish texts by target groups using simple
classifiers. However, we take the results from our
data analysis as an indicator that lexical and off-the-
shelf representations might not be fully sufficient



for this task. In order to find more nuanced biases,
we propose to fine-tune language models. We test
whether this leads to a higher distinction and which
patterns are learned in the process. For comparabil-
ity, we adopt the same setups for LMs fine-tuned
on wHA-IT and wHA-EN.

We employ a set of LMs from Hugging Face
(Wolf et al., 2020) and set up binary classification
tasks based on the previously discussed data. Due
to computational constraints, we use LMs with a
maximum length of 512 tokens. For Italian, these
include the monolingual language models Italian
BERT cased/uncased (Schweter, 2020), UmBERTo
cased/uncased (Parisi et al., 2020) as well the mul-
tilingual models mBERT cased/uncased (Devlin
et al., 2019) and XLM-RoBERTa (Conneau et al.,
2020). For English, we follow previous work and
only tested BERT-cased/uncased (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019). For hy-
perparameter selection, we maximize the macro Fy
on the DEV set. We perform 3 trials for each LM
and for each task, W-M and K-T, using Optuna
(Akiba et al., 2019) as the optimization framework.
More details on the tested LMs and used hyperpa-
rameters are listed in Appendix A.4.

5.2 Attributions

Based on the F; scores obtained for each task
on the DEV sets, we select the best-performing
LM for further analysis. We leverage the Trans-
formers Interpret’ library to inspect which are
the parts of the articles that are relevant in dis-
tinguishing the audience-specific guides. Specif-
ically, we pass the fine-tuned LM, their tok-
enizer and the (truncated) articles as inputs to the
SequenceClassificationExplainer. The out-
put of each pass is a list of attributions: tokens
with respective scores. For W—M, each text is ex-
plained with respect to the class label W. For K-T,
explanations are taken with respect to the label K.
For each task, we first collect attributes for each
article and then summarize them for the full task
data by averaging the scores found for each article.

6 Results

We first discuss results in terms of model perfor-
mance for the classification task itself (§6.1) and
then analyze the attributions of the models that
perform best at distinguishing audiences (§6.2).

7https ://github.com/cdpierse/
transformers-interpret

&3

Task wHA-IT wHA-EN | Fanton et al.
W-M 0.83 0.86 0.71
K-T 0.60 0.82 0.78

Table 9: Macro F; on the TEST sets.

6.1 Performance

In Table 9, we report solely the performance
of our best configuration (as determined on
the development set) and comparison numbers
from Fanton et al. (2023) on wHA-EN. Specif-
ically, we use bert-base-italian-cased for
both tasks on wHA-IT, and roberta-base and
bert-base-uncased for W-M and K-T, respec-
tively, on wHA-EN. More details on the experi-
ments, i.e. the scores on the three experimental
partitions for each corpus, can be found in Table 18
and Table 17 in A.4.

Cross-task comparisons. Considering the wHA-
IT column, the F; score is higher for the W—M task
than the one obtained for the K-T task. The same
finding can be observed for the wHA-EN column.
Intuitively, this result could be explained in that the
categories of men and women are typically viewed
by editors as more discrete than the categories of
kids and teens, whose boundaries are continuous in
general. This finding represents the opposite of pre-
vious work, where a lower score was obtained for
the W-M task than for K-T (0.71 vs 0.78; Fanton
etal., 2023). We note, however, that results are only
partially comparable as Fanton et al. did not apply
fine-tuned language models and their experimental
setup did not account for stratified partitions.

Cross-language comparisons. We focus now on
the W—M row. What emerges is that the perfor-
mance of the LM finetuned for wHA-EN is slightly
higher than the performance of the LM finetuned
for wHA-IT (with a difference of about 3 percent-
age points). We observe a much larger difference
for K-T, with a decrease in F; of around 22 percent-
age points. Both differences could be explained by
the data scarcity for Italian (see Table 2), which
seems particularly problematic for the K-T task.
It is further worth pointing out that multilingual
models performed consistently worse in our ex-
periments than monolingual models, suggesting
that cross-lingual training might not be promising
(see also Table 17 in A.4). This finding is in line
with findings on the task of responsibility percep-
tion prediction for gender-based violence in Italian
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wHA-IT

ragazze (“‘girls”); Se (“If”);
donne(“women”); ragazza (“girl”);

W  una (“one”, f.) sicura (“sure”, f.);
non (“not”): la (“the/her”, f.);
amica (“friend”, f.); amiche (“friends”, f.);
amici (“friends”, m.); uomini (“men”);
stesso (“‘same”, m.); ragazzo (“boy’);

M uomo (“man”); amico (“friend”, m.);
pronto (“ready”, m.); sicuro (“sure”, m.);
modo (“way”’, m.); quello (“that”, m. sing.);
in (“in”); da (“from”);

a (“to”); se (“if”);

K il m. (“the”); del (“of the”, m. sing.);
per (“for”); o (“or”);
prima (“before”); dei (“of the”, m. plur.);
non (“not”); articolo (“article”);

Non (“Not”); e (“is”);
T le (“her”, f. sing. / “the/them”, f. plur.);

troppo (“too much/many”);
sono (“‘am/are”); capelli (“hair”);
bella (“beautiful/nice” , f.); di (“of™);

Table 10: Top-ranked tokens for each audience in wHA-
IT. Highlighted tokens indicate feminine (f.) and mas-
culine (m.) grammatical gender. A more comprehensive
list with scores is provided in the Appendix.

(Minnema et al., 2022), where better performance
was also observed by monolingual models.

6.2 Attributions

Our final analysis concerns the attributions by the
language models with the highest results on each
task, which provide us with insights on generaliz-
able patterns learned from the training data. Table
10 and Table 11 show the top-10 tokens, after filter-
ing of punctuation and sub-word tokens, for each
audience in wHA-IT and wHA-EN, respectively.

“Group terms”. We observe that many of the
top features to be direct addresses of the reader in
terms of their group membership (“even if you’re
a kid”). The presence of such “group terms” was
also found in the analysis of word-based logistic
classification models by Fanton et al. (2023).

For all audiences, our model analysis consis-
tently shows fewer group terms among the top-
ranked and filtered tokens in Italian, as compared
to English. For example, 6 out of 10 top tokens
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wHA-EN

girl; girls; your; Girls; you; she;

w women; You; her; makeup;
M men; guy; him; boy; man; boys;
He; he; guys; his;
K kids; kid; children; middle;
school; toys; people; pre; mom; use;
T teen; the; and; are;

if; a; your; is; teenage; for;

Table 11: Top-ranked tokens for each target group in
wHA-EN. A full list of attributions with scores, includ-
ing punctuation and sub-word tokens not reported here,
are available in the Appendix.

for M in wHA-EN are group terms (‘men’, ‘guy’,
‘boy’, ‘man’ ‘boys’, ‘guys’), whereas for wHA-IT
we only find uomini (“men”), uomo (“man’) and
ragazzo (“boy”). Although we also observe such
group terms for K-T in wHA-EN experiments (e.g.
‘kids’, ‘teen’), this is not the case for the experi-
ments conducted with wHA-IT. If classifiers rely
to a high degree on such “group terms” for classi-
fication, this finding might explain the low model
performance for the Italian K-T data.

Negation. Another feature discussed in previous
work concerns the presence of negations. Like in
the case of English, we also find for wHA-IT that
non (“not”) is among the 10 top-ranked features ex-
actly for the audience W. As highlighted by Fanton
et al. (2023), this might raise concerns as nega-
tions have been shown to be used in stereotype-
maintaining function (Beukeboom et al., 2010,
2020). Consider the following example:

Se stai cercando di farti notare da qual-
cuno di cui ti sei infatuata o ti trovi al
primo appuntamento con lui, non con-
cederti troppo facilmente.

“If you’re trying to get noticed by some-
one you’re infatuated with or you’re on
a first date with him, don’t give in too
easily.”

This extract is from the guide titled Apparire
Bella Davanti al Tuo Ex Ragazzo (Solo Ragazze
Adolescenti) (“Looking Beautiful In Front Of Your
Ex Boyfriend (Teenage Girls Only)”). It reinforces
gender-roles, as the targeted audience (Teenage
Girls) is not at all encouraged to make the first



move according to their feelings, but rather to stay
passive, and to conform to the stereotype about
men’s agency (Ellemers, 2018). Moreover, instead
of information about what to do, the instruction
explicitly points out what “not” to do.

Grammatical gender. What is also interesting
in the aforementioned example is the presence of
heteronormativity, defined as heterosexuality as the
norm (see Warner, 1991, and Vésquez et al., 2022).
While this can already be inferred from the title, the
explicit use of the masculine pronoun /ui (“him”)
in the excerpt leaves no space for ambiguity in the
interpretation of the assumed gender of the referent.

We can argue that qualcuno (“‘someone”, m.), is
encapsulating generic masculine (Silveira, 1980),
as it is not qualcuna (“someone”, f.). Unlike En-
glish, Italian features grammatical gender, in terms
of which we find a polarising situation: feminine to-
kens (80%) for W and of masculine tokens (100%)
for M (data: wHA-IT). This might provide a short-
cut for classifiers to distinguish the instances in
the (Italian) W-—M task. For K-T, in contrast, we
only find traces of masculine gender for kids (30%).
Nonetheless, it is worth noting that the usage of
generic masculine in Italian, especially, from Ta-
ble 10, dei (“of the”, m.) could capture cases of
collective plurals, for which it is used a masculine
plural to refer to groups of unknown genders (also
to heterogeneous group in terms of gender).

Taglia i prati. Devi stabilire diverse tar-
iffe in base alla dimensione del giardino.
Fatti pubblicita nel quartiere attaccando
qualche volantino alle porte dei vicini,
ma cerca di essere discreto.

“Cut lawns. You need to set different
rates based on the size of the yard. Ad-
vertise in the neighborhood by sticking a
few flyers on neighbors’ doors, but try to
be discreet.”

The sentences above are extracted from
Guadagnare dei Soldi (per Ragazzini) (‘“Earn
Money (for Kids)”). From those, dei vicini (“of the
neighbors”, m.) exemplifies masculine generics.
In summary, we find that grammatical gender in
wHA-IT provides a shortcut for language models
to distinguish instructions for different audiences.
We provide additional attributions in a longer list in
the appendix (see Table 21), containing also tokens
that correspond to the same lemma: for example,
sicura (“sure”, f.) for W versus sicuro (‘“sure”,
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m.) for M. In comparison, the longer list of top
attributions for wHA-EN (see Table 19 in A.5),
features tokens that represent rather stereotypical
attributes such as “makeup”, “pretty”, “pink” for
W, and “gentleman”, “nerd”, “handsome” for M.

7 Conclusion

We introduced wikiHowAudIT, a dataset of in-
structional texts from wikiHow for different au-
diences in Italian. Our data analysis has shown that
wikiHowAudIT contains different topics across au-
diences, which makes computational modeling dif-
ficult. In order to still learn what biases can be
found in texts for different audiences, we fine-tuned
language models and investigated which attributes
rank highest for each target group. As a result,
we found that models perform very well even with
training on only 100 data points and that they cap-
ture more fine-grained differences in English than
simpler models from previous work.

However, our analysis of the attributes also con-
firmed trends already observed with simpler meth-
ods: Regardless of language, models consistently
learn that texts for different audiences can be dis-
tinguished with high effectiveness based on group
terms, grammatical gender, negations and stereo-
type reinforcing references. Several of these points
may represent critical issues, particularly given that
wikiHow is one of the most visited websites on the
internet.® Our results further support existing find-
ings on gender roles in other domains, such as in
stories for children and educational resources for
young age groups, where females are also associ-
ated with gender stereotypes (Adukia et al., 2022).

One reason for us to analyze texts regarding bi-
ases is that we want to understand assumptions
structurally made about the readers and to what
extent these potentially reflect actual characteris-
tics. Future work should accordingly focus on how
to identify and remove those biases that are inade-
quate (e.g. stereotypes) while maintaining adapta-
tions that appeal to an audience (e.g. group terms).
Future work could also include different languages
and varieties in order to provide a wider understand-
ing of the shortcuts and biases hereby highlighted.
For deeper insights on the biases, we encourage
future research that could, for example, mask short-
cuts by LMs as identified in our study.

We believe that wikiHow is an ideal resource for

Shttps://www.wikihow.com/wikiHow:
About-wikiHow
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such work because its collaborative nature makes
it possible to put changes directly into practice and
instructional texts in general would strongly benefit
being easier accessible and more inclusive.
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Limitations

While the present work focuses on a less frequently
studied language, namely Italian, in addition to En-
glish, the work is still limited culturally (i.e., to
“western culture”). Critically, the considered audi-
ence attributes, gender and age, are subjected to a
simplification that is for now lacking, in particu-
lar, intersectional perspectives (Crenshaw, 1991).
Another limitation of this work lies in the focus
on a single data source. For better generalizations
over the instructional scenarios, it is important to
contemplate other, different, data sources. The
present work is by no means aimed at reinforcing
representational bias. We conceive our research
efforts as first steps towards inclusion, especially
for queer identities, who can be audiences of in-
structions but are insufficiently accounted as such.
With the present work, our hope is also to stimu-
late future work on instructions in other, especially
under-represented, languages and cultures.
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A Appendix

A.1 Indicators (Italian)

[(‘Android’, 135), (‘PC-0-Mac’, 115), (‘iPhone-o-iPad’, 103), (‘per-Ragazze’, 37), (‘Ragazze’, 22),
(‘per-Donne’, 18), (‘Uomini’, 14), (‘Windows-e-Mac’, 14), (‘per-Ragazzi’, 13), (‘Per-Ragazze’, 13),
(‘Adolescenti’, 12), (‘per-Adolescenti’, 12), (‘Windows’, 11), (‘Ragazzi’, 11), (‘PC-e-Mac’, 8), (‘per-
Principianti’, 8), (‘per-Uomini’, 8), (‘Ragazze-Adolescenti’, 7), (‘per-Bambini’, 7), (‘iPhone’, 7), (‘Cris-
tianesimo’, 6), (‘per-Ragazze-Adolescenti’, 6), (‘per-ragazze’, 5), (‘Donne’, 4), (‘Windows-10’, 4),
(‘USA’, 3), (‘Principianti’, 3), (‘per-Cristiani’, 3), (‘PC’, 3), (‘Per-Uomini’, 3), (‘SEO’, 2), (‘Per-Ragazze-
Adolescenti’, 2), (‘per-Preadolescenti’, 2), (‘Per-Ragazzi’, 2), (‘Jicama’, 2), (‘Windows-7’, 2), (‘MRT’,
2), (‘Per-gli-Uomini’, 2), (‘per-Ragazzini’, 2), (‘Per-Adolescenti’, 2), (‘RCP’, 2), (‘MRSA’, 2), (‘per-le-
Donne’, 2), (‘Yoga’, 2), (‘Per-Ragazze-Teenager’, 2), (‘per-le-Adolescenti’, 2), (‘Negli-Stati-Uniti’, 2),
(‘per-i-Ragazzi’, 2), (‘LAN’, 2), (‘per-Bambine’, 2), (‘DOC’, 2), (‘Scuola-Media’, 2), (‘Teenager’, 2),
(‘Per-Uomini-Gay’, 2), (‘Atletica-Leggera’, 2), (‘Bambini’, 2), (‘DPTS’, 2), (‘Per-Bambini’, 2), (‘i0S’,
2),...]

A.2 Experimental Partitions

Partition Aud. wHA-IT wHA-EN

" 114 794
80 167
TRAIN
K 18 399
T 126 329
A\ 14 99
M 10 21
DEV
K 2 50
T 16 41
' 15 100
M 10 21
TEST
K 2 50
T 16 41

Table 12: Breakdown of the partitions by audience.
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Clustering results for K-T data

0 sveglio 00 sveglia notte sonno  giornata dormire letto
Géawake’7 ‘600’9 G‘alarm9’ “night” “Sleep” Cﬁday’Q “Sleep” G‘bed7’

1 grin capelli ragazza tsu nam ragazzo stile suo
‘6grin” 6‘hair” C‘girl” “tsu” 6‘nam’9 66b0y’, “Style” “her”

2 lui lei ragazzo ragazza gay baciare relazione bacio
hmT o Cher  Cboy’ e gy Ctokiss”  relation” Ckiss”
3 pantaloni  jeans camicia stile nerd indossa paio  abbigliamento

“pants” “jeans” “shirt”  “style” “nerd”  “wears’ “pair” “clothing”
4 stanza tema camera  borsa letto carta dip gatto
“room?’ “theme” ‘bedroom” ‘6bag” 6‘bed” ‘4paper” 6‘dip” “Cat”
5 capelli Viso ila doccia idra crema  sopracciglia dep
“hair” “face” “ila”  “shower” “hydra” ‘“cream” ‘“eyebrows” “dep”
6 sito spia studia  squadra libri appunti leggere estate
“site” “spy” “studies” “squad”  “books”  “notes” “light” “summer”

Table 13: Highest scoring tokens (Italian, “translated”) for each cluster in the TRAIN U DEV parts of the K-T data.

C K-T

0 bed night sleep bedroomfurniture desk alarm morning wake  clock
1 skin  girl makeup wash style  ne  ac  jeans moist  uri
2 learn weight healthy phone him  bully stress adult  he  eating
3christmas sleep guests snow  tree  santa theme gift halloween night
4 sell business car lawn items bank store selling  pet  chores
5 him  he she guy crush girl guys boy  kiss  flirt
6 pack plane car trip  items horse packing books phone vacation
7 club  glue blog books membersnotebook barbie makeup color  nail

Table 14: High scoring tokens for each cluster in the TRAIN U DEV partitions of the K-T data (WHA-EN).

A.4 Modeling

Hyperparameter Set
Seed [22, 17, 4]
Learning rate [2e-5, 2e-6]
Batch size [4, 8]
Epochs [5]

Table 15: Hyperparameters.

90



https://huggingface.co/model-name Param. Reference

google-bert/bert-base-uncased 1.10e+08 Devlin et al. (2019)
google-bert/bert-base-cased 1.10e+08 Devlin et al. (2019)
FacebookAI/roberta-base 1.25e+08 Liuetal. (2019)
dbmdz/bert-base-italian-uncased 1.10e+08 Schweter (2020)
dbmdz/bert-base-italian-cased 1.10e+08 Schweter (2020)
Musixmatch/umberto-wikipedia-uncased-v1 1.11e+08 Parisi et al. (2020)
Musixmatch/umberto-commoncrawl-cased-v1 1.11e+08 Parisi et al. (2020)

google-bert/bert-base-multilingual-uncased 1.67e+08 Devlin et al. (2019)
google-bert/bert-base-multilingual-cased 1.78e+08 Devlin et al. (2019)
FacebookAI/x1lm-roberta-base 2.78¢+08 Conneau et al. (2020)

Table 16: The names of the LMs used from the HuggingFace Hub and their size in terms of number of parameters.

W-M TRAIN DEV TEST
bert-base-italian-uncased 1.00 096 0.87
bert-base-italian-cased 098 1.00 0.83
umberto-wikipedia-uncased-v1 097 092 0.92
umberto-commoncrawl-cased-v1 099 096 0.92
bert-base-multilingual-uncased 099 0.86 0.70
bert-base-multilingual-cased 097 1.00 0.76
x1lm-roberta-base 090 0.96 0.80
K-T

bert-base-italian-uncased 072 047 047
bert-base-italian-cased 096 048 0.60
umberto-wikipedia-uncased-v1 046 047 047
umberto-commoncrawl-cased-v1 046 047 047
bert-base-multilingual-uncased 052 047 047
bert-base-multilingual-cased 047 047 047
x1lm-roberta-base 047 047 047

Table 17: The performance of the LMs in terms of macro F; for the LMs fine-tuned with wHA-IT.

W-M TRAIN DEV TEST
bert-base-uncased 099 0.80 0.84
bert-base-cased 097 0.83 0.84
roberta-base 099 0.85 0.86
bert-base-multilingual-uncased 083 0.78 0.85
bert-base-multilingual-cased 085 0.79 0.82
x1lm-roberta-base 0.82 0.75 0.76
K-T

bert-base-uncased 099 0.84 0.82
bert-base-cased 098 0.76 0.79
roberta-base 096 0.78 0.81
bert-base-multilingual-uncased 092 0.81 0.72
bert-base-multilingual-cased 094 0.70 0.81
x1lm-roberta-base 0.89 0.72 0.78

Table 18: The performance of the LMs in terms of macro F; for the LMs fine-tuned with wHA-EN.
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A.5 Attributions

girl 0.111460
girls 0.104457
your 0.072209
Girls 0.045587
you 0.043417
she 0.029879
! 0.029790
women 0.029614
You 0.024623
her 0.023684
makeup  0.023520
Girl 0.022483
school 0.020280
</s> 0.019971
Make 0.019166
pretty 0.018957
it 0.017495
the 0.017092
. 0.015737
pink 0.015242
skirts 0.015235
skirt 0.014393
, 0.014049
dress 0.012912
a 0.012606
yourself  0.012183
dresses 0.011823
She 0.011325
It 0.011283
them 0.011071
make 0.010421
If 0.010115
that 0.009836
some 0.009506
This 0.009213
beautiful 0.009158
all 0.008865
want 0.008753
this 0.008707
Your 0.008293

men
guy
him
boy
man
boys
He
he
guys
his
male

gentleman

kid

Guy
Men
partner
teenager
Boy

professional

nerd
into
ologne
Ever
Male
penis
geek
dude
handsome
masculine
date

Gu

bar
kitchen
grown
puberty
ican

off
dating
between
himself

-0.030749
-0.021744
-0.015896
-0.015180
-0.012263
-0.008853
-0.007704
-0.007353
-0.006787
-0.004472
-0.004046
-0.003008
-0.002303
-0.002108
-0.001930
-0.001316
-0.001207
-0.001193
-0.001101
-0.001016
-0.000949
-0.000911
-0.000837
-0.000826
-0.000816
-0.000739
-0.000683
-0.000655
-0.000611
-0.000570
-0.000564
-0.000510
-0.000495
-0.000492
-0.000455
-0.000454
-0.000420
-0.000419
-0.000415
-0.000411

Table 19: wHA-EN, W-M, roberta-base (TRAIN 0.99,

DEV 0.85, TEST 0.86)
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kids 0.058039
[CLS] 0.039831
kid 0.028616
##n 0.010980
##wee 0.010135
children 0.009953
middle 0.008926
school 0.006676
toys 0.006589
people 0.005054
pre 0.003502
mom 0.003131
use 0.003089
t 0.002970
#i#s 0.002949
child 0.002645
toy 0.002466
/ 0.002186
time 0.002168
animals 0.002096
young 0.002094
they 0.001994
##ns 0.001882
learn 0.001882
parents 0.001709
example  0.001646
remember 0.001641
age 0.001640
movie 0.001559
might 0.001540
how 0.001527
music 0.001497
playing 0.001472
food 0.001468
dad 0.001454
guys 0.001431
little 0.001426
old 0.001424
girls 0.001391
light 0.001363

is
teenage
for

you

from
teens

don
when
an

)
with
over
will
good
to
can
about
have
out
all
get
just

(

teenagers

-0.579180
-0.014464
-0.010539
-0.010233
-0.008755
-0.008112
-0.007597
-0.007460
-0.006806
-0.006057
-0.005827
-0.005743
-0.005117
-0.004947
-0.004597
-0.004572
-0.004447
-0.004394
-0.004158
-0.003803
-0.003675
-0.003446
-0.003345
-0.003291
-0.003243
-0.003235
-0.003219
-0.003079
-0.003077
-0.003067
-0.002957
-0.002774
-0.002575
-0.002426
-0.002346
-0.002181
-0.002179
-0.002161
-0.002052
-0.001999

Table 20: wHA-EN, K-T, bert-base-uncased (TRAIN

0.99, DEV 0.84, TEST 0.82)



[CLS]  0.096002 [SEP] -0.340334 [CLS] 0.245312 [SEP] -0.165349

ragazze 0.063860 amici -0.030969 : 0.080714 . -0.071660
. 0.052733  uomini -0.024488 ! 0.053150 -0.047196
Se 0.037144  stesso -0.023203 in 0.035297 -0.043113
donne  0.035291 ragazzo -0.020641 da 0.027325 -0.041416
ragazza (0.033087 uomo -0.017189 ? 0.027242 ~° -0.036960
una 0.026854 amico -0.015206 a 0.026157 ~ -0.030604
sicura 0.024647 pronto -0.014043 Se 0.024843 non -0.016650
#ifta 0.019987  sicuro -0.011919 il 0.022034 articolo  -0.015161
Non 0.019283 modo -0.011276 del 0.018384 Non -0.014897
la 0.019149 quello -0.010895 per 0.016414 ¢ -0.014392
amica 0.019090 soggetto -0.009081 o 0.015331 Ie -0.012302
amiche 0.018528 stanco -0.008884 prima 0.015157 troppo -0.010484
: 0.018383  #tto -0.007624 dei 0.015040 sono -0.010212
le 0.017927  articolo -0.007204 giorno 0.013294 - -0.009822
Fai 0.017582 uno -0.007169 un 0.012921  capelli -0.008484
stessa 0.017464 all -0.006952 al 0.012534  bella -0.006242
tutte 0.016846 piu -0.006778 1 0.012455 di -0.005976
donna  0.016164 comodo -0.006113 #itre 0.012187 elegante -0.005837
Puoi 0.015974  questo -0.006060 dopo 0.011774 ( -0.005455
Scegli  0.015732  orgoglioso  -0.005598 con 0.011254  colore -0.005248
tua 0.015248 fortunato -0.005424 della 0.011226  si -0.005077
Per 0.015175 preoccupato -0.005362 Puoi 0.010995  Scopri -0.004918
Le 0.015159 ##ato -0.005178 questo 0.010358 look -0.004853
! 0.014648 costretto -0.005104 i 0.009834 Una -0.004806
delle 0.013800 gli -0.004869 ) 0.009756  puo -0.004751
di 0.013678  stessi -0.004718 cosa 0.009436  vesti -0.004506
Una 0.012642  senti -0.004656 qualcosa  0.009397 una -0.004433
La 0.012504 ##ro -0.004652 ##rlo 0.009286 odore -0.004418
Cerca 0.012358  ##ino -0.004572 Dopo 0.009121 stile -0.004360
) 0.012122 invitato -0.004422 e 0.008924 Le -0.004137
della 0.012100  riuscito -0.004247 lavoro 0.008719  colori -0.003829
essere  0.012071 ##vo -0.004244 Assicurati  0.008706 Un -0.003818
Prova 0.011706  bloccato -0.004043 andare 0.008485 agio -0.003690
persone 0.011059  ##tatore -0.004016 ##ndo 0.008206 ma -0.003689
#Hite 0.010820 ##mo -0.004009 perché 0.008186 -0.003666
, 0.010180 cui -0.003994 quando 0.008076 La -0.003652
per 0.010145  #H#gro -0.003917 vuoi 0.008004 profumo -0.003592
ogni 0.009495  sveglio -0.003636 su 0.007878 carina -0.003561
tue 0.009448  ##gato -0.003608 te 0.007875 tue -0.003428

Table 21: wHA-IT, W-M, bert-base-italian-cased Table 22: wHA-IT, K-T, bert-base-italian-cased
(TRAIN 0.98, DEV 1.00, TEST 0.83) (TRAIN 0.96, DEV 0.48, TEST 0.60)
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Abstract

This paper studies gender bias in machine trans-
lation through the lens of Large Language Mod-
els (LLMs). Four widely-used test sets are em-
ployed to benchmark various base LLMs, com-
paring their translation quality and gender bias
against state-of-the-art Neural Machine Trans-
lation (NMT) models for English to Catalan
(En — Ca) and English to Spanish (En — Es)
translation directions. Our findings reveal per-
vasive gender bias across all models, with base
LLMs exhibiting a higher degree of bias com-
pared to NMT models.

To combeat this bias, we explore prompting en-
gineering techniques applied to an instruction-
tuned LLM. We identify a prompt structure that
significantly reduces gender bias by up to 12%
on the WinoMT evaluation dataset compared
to more straightforward prompts. These results
significantly reduce the gender bias accuracy
gap between LLMs and traditional NMT sys-
tems.

1 Introduction

Within the domain of machine translation, gender
bias is defined as the tendency of MT systems to
produce translations that reflect or perpetuate gen-
der stereotypes, inequalities, or assumptions based
on cultural and societal biases (Friedman and Nis-
senbaum, 1996; Savoldi et al., 2021). Given that
the presence of such bias can lead to harmful con-
sequences for certain groups — either in repre-
sentational (i.e., misrepresentation or underrepre-
sentation of social groups and their identities) or
allocational harms (i.e., allocation or withholding
of opportunities or resources to certain groups) —
(Levesque, 2011; Crawford, 2017; Lal Zimman
and Meyerhoff, 2017; Régner et al., 2019), it be-
comes paramount to thoroughly investigate and
mitigate its occurrence. Nevertheless, addressing
gender bias is a multi-faceted task.

Gender bias is a pervasive issue in all generative

situation. LLMs have gained significant popularity
in recent years and are being used for many NLP
tasks, including machine translation. While gender
bias in machine translation has been extensively
studied for Neural Machine Translation models,
little attention has been paid to this type of bias
in LLMs. This paper aims to address this gap by
examining and trying to mitigate this bias in the
translations generated by the LLMs.

The aim of this work is twofold. First, a com-
prehensive benchmarking process is conducted to
compare various base LLMs with some state-of-the-
art NMT models. The directions of the translations
under study are English — Catalan and English —
Spanish. Distinct popular test sets such as FLoRes-
200 (NLLB Team, 2022), WinoMT (Stanovsky
et al., 2019), Gold BUG (Levy et al., 2021), and
MuST-SHE (Bentivogli et al., 2020) are used to
assess the translation quality and the gender bias of
the models.

Following the benchmarking, an investigation
into the effectiveness of prompts in mitigating this
bias in LLMs is conducted. The purpose of this
research is to determine whether well-designed
prompts can serve as a useful strategy in address-
ing bias. While existing literature has explored var-
ious approaches to mitigating this bias in Neural
Machine Translation models (Costa-jussa et al.,
2020; Stafanovics et al., 2020; Saunders and Byrne,
2020), we specifically focus on the realm of LLMs,
probing the role of prompts. In this phase of the
study, an instruction-tuned LLM is employed, and
several prompt engineering techniques are exper-
imented with, including few-shot (Radford et al.,
2019; Zhao et al., 2021; Chowdhery et al., 2023),
context-supplying, and chain of thought (Wei et al.,
2022).

The relevance of this work lies in several in-
sightful findings. Firstly, we demonstrate that base
LLMs tend to lag behind NMT models in terms

NLP models, and LLMs are no exception to this g4 of translation capabilities and gender-bias scores.
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Afterwards, through an extensive trial-and-error
examination into prompting, we present a prompt
that, when applied to an instructed LLM, achieves
impressive bias mitigation across gender-bias test
sets, resulting in an increase of 12.4 and 11.7 in the
respective Catalan and Spanish WinoMT scores. Fi-
nally, we study how gender-bias mitigation through
prompting impacts LLMs translation performance.

The rest of the paper is organized as follows: Sec-
tion 3 reviews relevant research in the field. Section
4 details the methodology, including the datasets,
models, and evaluation metrics employed. Section
5 focuses on the benchmarking, while Section 6 ex-
plores the investigation into prompting to mitigate
gender bias. Section 7 presents the results. Finally,
Section 8 provides a discussion and Section 9 high-
lights the conclusions of this work.

2 Gender Bias Statement

As previously stated, gender bias may lead to in-
equalities and harmful consequences. In the con-
text of machine translation, we easily come up with
two different motivations to consider this issue seri-
ously. First, the presence of gender bias may affect
the representation of genders in certain communi-
ties. On the other hand, the majority of users of a
machine translation system may not be proficient
in at least one of the languages involved in the
translation. Producing incorrect gender translations
provides inaccurate information, misleading users
who are trying to understand the original text from
a translation, or causing them to convey a different
meaning when relying on MT engines to commu-
nicate.

The presence and extent of gender bias in ma-
chine translation can vary depending on the lan-
guages involved, as gender is manifested differently
across languages (Dagmar Stahlberg and Sczesny.,
2007). When translating from a language with
fewer gender cues to a language with more explicit
gender markings, the issue of gender bias can arise.
This is precisely the case in our study: we translate
from a language with notional gender (English) to
languages with grammatical gender (Catalan and
Spanish). In this context, certain professions may
be stereotypically associated with certain genders.
Examples of this phenomenon are engineers, who
are often translated as masculine, while nurses are
translated as feminine (Parmy Olson, 2018). Addi-
tionally, adjectives may be gendered as masculine

relying on gender cues. Gender pronouns may also
be overlooked in favor of or against certain genders.
Let’s consider a typical example (Figure 1).

! I

The doctor asked the nurse to help her with the operation.

MT

ENGINE
(biased)

g

El doctor va demanar a la infermera que 1’ajudés amb 1’operacié.

Figure 1: Example of Gender Bias in MT

In our study, we analyze gender bias in two dis-
tinct ways, which we will refer to as gender-bias
tasks: Gender Coreference Resolution and Gender
Terms Detection. In both tasks, models must utilize
contextual gender information (i.e., gender cues) to
accurately translate, providing the correct gender
terms in the translation.

Gender Coreference Resolution In this task, we
assess whether an MT engine correctly predicts the
gender of a human entity in the translation based
on its corresponding coreference pronoun in the
source sentence. We address this task using POS
tagging, focusing solely on the gender of specific
human entities in the translation.

Gender Terms Detection In this other task, we
evaluate whether an MT engine generates trans-
lations that include all the correct gender terms
based on the gender cues of the source sentence.
These clues for disambiguating gender terms in-
clude coreference pronouns, proper nouns, and se-
mantic meaning, among others. Detection of the
correct gender terms (or their incorrect counter-
parts) relies on textual comparison of reference
terms.

Both gender-bias problems are approached as
classification problems since they involve deter-
mining the correct gender labels, allowing for the
derivation of typical ML scores. Devoid of gender
context, we only pay attention to the proportion
of male and female terms generated in the trans-
lations. As evaluation benchmarks, WinoMT and
Gold BUG focus on Gender Coreference Resolu-
tion, whereas MuST-SHE in Gender Terms De-
tection. Check Figure 2 for an illustration of the

or feminine based on these stereotypes, rather than g5 gender-bias tasks just explained.



a) WinoMT and Gold BUG

The artist told the carpenter to come
back tomorrow because she forgot
to bring some tools.

b) MuST-SHE

My good friend Maria, who is the
architect of our school building, is
an expert in designing functional
spaces.

L’artista va dir a la fustera que
tornés dema perqué s’havia oblidat
de portar unes eines.

La meva bona amiga Maria, que és
l'arquitecta de l'edifici de la nostra
escola, €s una experta en dissenyar
espais funcionals.

Figure 2: Examples of Gender Coreference Resolution (a) and Gender Terms Detection (b) in En — Ca

3 Related work

Large Language Models are advanced Al mod-
els designed to understand and generate language
(Yang et al., 2023; Zhao et al., 2023). These mod-
els typically employ a decoder-only architecture
and are characterized by their enormous size, of-
ten containing billions of parameters (Brown et al.,
2020; Thoppilan et al., 2022; OpenAl, 2023). The
scale and capacity of LLMs enable them to cap-
ture intricate linguistic nuances and handle a wide
range of language-related tasks, despite not being
explicitly trained for each specific task (Sun et al.,
2023; Wei et al., 2023; Li et al., 2023; Gao et al.,
2023a; Yao et al., 2023; Yang et al., 2022; Gao
et al., 2023b; Ning et al., 2023). The training pro-
cess for LLMs typically consists of two steps. First,
they undergo self-supervised pretraining using vast
amounts of text data, which allows them to de-
velop a general understanding of language (i.e.,
base LLLMs). Subsequently, they are fine-tuned on
specific supervised tasks to specialize in various
applications (Chung et al., 2022; Sanh et al., 2022).
One of the key features of LLMs is the prompting
mechanism. A prompt serves as the input or acti-
vation signal provided to the model. Through this
input, we specify to the model the NLP task we
want it to perform, such as translation in our case.

By leveraging the ability to guide the model
with prompts, instruction-tuned LLMs are cre-
ated (Zhang et al., 2023b). These are base LLMs
that have undergone additional fine-tuning using
datasets of instructions, containing explicit instruc-
tions or prompts to enhance their performance on
various tasks. Instruction-tuning is a subsequent
step that tailors the model’s behavior and output
according to specific instructions or guidelines

Longpre et al., 2023).

Moving away from LLMs, we find Neural Ma-
chine Translation models (Cho et al., 2014; Bah-
danau et al., 2015; Luong et al., 2015; John-
son et al., 2017; Wu et al., 2016; Fan et al.,
2020; NLLB Team, 2022). These models repre-
sent the state-of-the-art in machine translation, con-
sistently achieving the highest translation perfor-
mance. They typically leverage an encoder-decoder
transformer (Vaswani et al., 2017) trained with par-
allel data in a supervised manner, intended solely
for the task of translation. Unlike LLMs, NMT
models are relatively smaller in size and present
unique challenges when it comes to scaling (e.g.,
bidirectional processing, the attention mechanism
complexity...). However, besides their size, the
main distinction between LLMs and NMT mod-
els lies in the prompting method. LLMs necessitate
a prompt to operate, making them entirely depen-
dent on context. This is precisely the aspect we
aim to explore: whether we can use the prompting
mechanism, absent in NMT models, to alleviate
gender bias.

To date, significant research has been conducted
on the translation capabilities of LLMs, as exten-
sively documented in the literature (Chowdhery
et al., 2023; Jiao et al., 2023a; Zhu et al., 2023;
Agrawal et al., 2023; Jiao et al., 2023b; Zhang
et al., 2023a; Bawden and Yvon, 2023; Hendy
et al., 2023). Furthermore, several efforts have been
made to identify and address bias in LLMs (Ernst
et al., 2023; Su et al., 2023; Cai et al., 2024). How-
ever, the exploration of gender bias in the realm
of MT and LLMs remains relatively scarce. This
encompasses (Sanchez et al., 2023), which sought
to leverage LL.Ms for gender-specific translations,

(Mishra et al., 2022; Muennighoff et al., 2023; g9gand (Vanmassenhove, 2024), which experimented



with En — It translation in ChatGPT, revealing how
GPT models perpetuate biases even when explicitly
prompted to provide alternative translations. Addi-
tionally, (Ghosh and Caliskan, 2023) examines bias
between English and languages that exclusively use
gender-neutral pronouns, and (Savoldi et al., 2024)
demonstrate through extensive manual analysis the
potential of GPT-4 to produce gender-neutral trans-
lations for En — It.

4 Methodology

4.1 Models

Llama-2-7B A base model that belongs to a fam-
ily of state-of-the-art LLMs openly released by
Meta (Touvron et al., 2023). This family of mod-
els outperforms open-source models on popular
benchmarks and has demonstrated high efficacy
and safety based on human evaluations. Llama-2-
7B was trained on a combination of publicly avail-
able data, primarily in English. Catalan and Span-
ish (among other languages) were also included to
a lesser extent. However, any use of the model in
languages other than English is explicitly declared
out of scope by the developers.

Aguila-7B An open-source base LLM from
Barcelona Supercomputing Center (BSC) that was
trained on a combination of Spanish, Catalan, and
English data, resulting in a total of 26 billion to-
kens. The model was built upon the Falcon-7B
model, which is a highly advanced English lan-
guage model.

Flor-6.3B  Another publicly available base LLM
tailored for Catalan, Spanish, and English, pub-
lished by the BSC. This model is derived from
the language adaptation process applied to Bloom-
7.1B, involving adjustments to the vocabulary and
embedding layer. Additionally, the model under-
went continuous pre-training with 140 billion to-
kens specific to Catalan and Spanish.

M2M-100-1.2B A multilingual NMT model re-
leased by Meta in October 2020 (Fan et al., 2020)
that can directly translate between the 9,900 direc-
tions of 100 languages, including our languages of
interest (i.e., English, Catalan, and Spanish). It was
considered the first Al model that could translate
between 100 languages without relying on English.

NLLB-200-1.3B The following multilingual
NMT model released by Meta in July 2022 (Costa-

languages, including less commonly spoken lan-
guages. It also incorporates the languages we are
concentrating on, namely English, Catalan, and
Spanish.

Mt-aina-en-ca The only parallel NMT model
assessed in this work, functioning exclusively for
English — Catalan translation. Developed at BSC,
it was trained from scratch employing a combi-
nation of English-Catalan datasets consisting of
approximately 11 million sentences.

Google Translate It is widely acknowledged in
the literature as one of the leading translation mod-
els of today. This multilingual NMT model encom-
passes 133 languages, with English, Catalan and
Spanish among them.

Llama-2-7B-chat It is the refined iteration of
Llama-2-7B, optimized specifically for dialogue
applications. This version underwent supervised
instruction-tuning as well as Reinforcement Learn-
ing from Human Feedback (RLHF). Opting for this
instructed version for the investigation into prompt-
ing is preferable over the base model, as it is more
robust to prompt variations and better comprehends
complex prompts and nuances. Selecting the base
model along with its instructed version allows us to
make insightful comparisons between these mod-
els.

4.2 Test sets

All test sets comprise English sentences (or para-
graphs) aimed to be translated into either Catalan
or Spanish. After obtaining translations in their
respective grammatical languages, the evaluation
frameworks are applied to derive the metrics (either
MT or gender scores).

4.2.1

FLoRes-200 It is a massively multilingual gen-
eral domain dataset. Initially presented by (Guzmén
et al., 2019; Goyal et al., 2021), it has been fur-
ther developed and expanded by the (Goyal et al.,
2022). The most recent version of this dataset en-
compasses 200 languages (NLLB Team, 2022).
This dataset! includes two subsets: FLoRes-200
dev (997) and FLoRes-200 devtest (1,012).

4.2.2 Gender Bias

WinoMT Developed by (Stanovsky et al., 2019),
this test set is intended to evaluate the presence of

Machine Translation

'https://github.com/facebookresearch/

jussa et al., 2022) enabling translation across 200 g7 flores/tree/main/flores200
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gender bias in translations from English to various
gender-inflected languages. The corpus?® consists of
3,888 sentences in the schema of Winograd. Each
sentence in the corpus presents two human entities
defined by their roles, along with a subsequent pro-
noun that must be correctly resolved to one of the
entities (Levesque et al., 2012). One of the main
limitations of this dataset is its synthetic nature, as
it is built on templates.

Gold BUG The previous limitation of WinoMT
could be addressed through the introduction of
BUG? (Levy et al., 2021), the first publicly acces-
sible large-scale corpus designed for gender-bias
evaluation, comprising 108,000 real-world English
sentences. BUG was built by crawling text accord-
ing to specific syntactic patterns, offering a more
diverse and realistic dataset than WinoMT. The
Gold BUG version used in our evaluation consists
of a gold-quality, human-validated set extracted
from BUG, totaling 1,717 instances.

MuST-SHE This test set, initially introduced
by (Bentivogli et al., 2020) for English-French,
English-Italian, and English-Spanish, serves as a
valuable benchmark for evaluating gender bias in
the context of speech translation. This dataset? is
constructed using TED talks data, as described by
(Cattoni et al., 2021), lending it a more natural and
realistic tone. Recently, (Mash et al., 2024) created
an English-Catalan® version of the dataset tailored
for the machine translation domain, resulting in
1,046 sentences. For our analysis, we adapted the
original English-Spanish version for machine trans-
lation following the same steps as in the Catalan
version, resulting in 1,164 instances. Both datasets,
English-Spanish and English-Catalan, contain two
types of instances: those with and without cues to
disambiguate the gender of certain terms. In in-
stances where gender cues are present, the task to
be addressed is Gender Terms Detection; otherwise,
we are solely interested in the proportion of male
and female terms generated in the translations.
Furthermore, both WinoMT and Gold BUG
contain pro- and anti-stereotypical sets based
on US labor statistics (Zhao et al., 2018). A
pro-stereotypical set comprises sentences with

https://github.com/gabrielStanovsky/
mt_gender
‘https://github.com/SLAB-NLP/BUG
*https://mt.fbk.eu/must-she/
Shttps://huggingface.co/datasets/
projecte—aina/MuST-SHE_en-ca

stereotypical gender-role assignments (e.g., male
doctors, female housekeepers), while an anti-
stereotypical set includes sentences with non-
stereotypical gender-role assignments (e.g., female
doctors, male housekeepers). These sets facilitate
the investigation of whether the translation perfor-
mance of models correlates with gender stereo-
types. Specifically, they help determine whether
models exhibit better or worse gender scores when
translating sentences that align (or do not align)
with their pre-established biases.

4.3 Maetrics

4.3.1 Machine Translation

To measure the MT capabilities of the models, we
employ two widely-used metrics: BLEU (Papineni
et al., 2002), which is based on comparing n-grams
and is computed using the SacreBLEU library®
(Post, 2018), and COMET (Rei et al., 2020), a more
recent metric that relies on sentence embeddings.

4.3.2 Gender Bias

When the source sentence contains gender cues to
disambiguate the gender of certain terms, mean-
ing we have a known gender reference or ground
truth, the translation problem is treated as a typi-
cal classification task. Consequently, in the context
of gender bias, we evaluate models using Gender
Accuracy (in %), F1-male, and F1-female scores.
For WinoMT and Gold BUG these scores are com-
puted directly’, whereas for MuST-SHE we obtain
first the confusion matrix® and then we compute
the scores using scikit-learn library. Additionally,
we get standard metrics such as AG, which indi-
cates the performance difference between correctly
predicting male and female terms, and AS, which
requires both a pro- and anti-stereotypical sets to as-
sess whether a model relies on gender-stereotypes
to generate translations. Conversely, when no gen-
der cues are available in the source sentence, we
simply analyze the proportion of predicted male
and female terms in the translations.

Version 1.5.1

"https://github.com/gabrielStanovsky/
mt_gender/blob/master/scripts/evaluate_
all_languages.sh

Shttps://github.com/audreyvm/tfm
gender_bias/blob/main/mustshe_acc_vl.
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S Benchmarking

5.1 Prompting LLMs

In our benchmarking, we employ a 5-shot approach
for our LLMs. This ensures that the LLMs bet-
ter comprehend the requested task (i.e., machine
translation) and potentially produce higher-quality
translations, as demonstrated in existing literature
(Vilar et al., 2023; Garcia et al., 2023; Zhang et al.,
2023c). Additionally, during our experimentation
with prompts, we observe that incorporating the lan-
guage label followed by a colon (e.g., “English:”,
“Catalan:”,“Spanish:”) before the sentence to be
translated and its corresponding translation is an
effective strategy for our LLMs. Furthermore, be-
ginning and end of sentence tokens are added to
delimit the source and translation examples in the
shots, enhancing the models’ understanding and
facilitating the extraction of the output translations.
Flor-6.3B and Llama-2-7B work with “<BOS>”
and “<EOS>”, while Aguila-7B uses “<s>” and
“</s>7.

When evaluating the FLoRes-200 dev set, we
use 5 shots from the FLoRes-200 devtest set in the
prompt. Conversely, when assessing the FLoRes-
200 devtest set, we incorporate 5 shots from the
FLoRes-200 dev set into the prompt. For the re-
maining gender-bias test sets (WinoMT, Gold BUG,
and MuST-SHE), we utilize the same prompt em-
ployed during testing of the FLoRes-200 dev test
set, consisting of the same 5 shots from the FLoRes-
200 devtest. When selecting these 5 instances to
serve as shots, we ensure diversity in content,
length, and structure to provide a broader range
of examples to the model. The specific prompts
created are detailed in Section C of the Appendix.

5.2 Configurations

Since we are only performing inference, we adjust
only two parameters: the fop_k, which is set to
1 to ensure a deterministic process, and the limit
of maximum tokens to generate, which is adjusted
depending on the test sets. We use greedy decoding
for all models since beam search in LLMs demands
significant time and resources. These choices are
made to ensure the comparability of the results.

5.3 Key takeaways

Based on the benchmarking evaluation, the follow-
ing findings emerge:

of MT in both En — Ca and En — Es direc-
tions (check Table 1 to see the results).

* All models exhibit gender bias in the as-
sessed directions, with LLMs showing a more
pronounced bias compared to NMT models
(check Tables 3, 4, and 5).

* The performance of all studied models corre-
lates with gender stereotypes, achieving better
gender metrics for the pro-stereotypical set
rather than the anti-stereotypical set (check
Section D in the Appendices).

* In the absence of contextual gender cues, all
models predict mostly male terms (~75%-
94%). The corresponding (~6%-25%) mainly
relates to female-stereotypical examples
(check Section E in the Appendices).

6 Gender Bias mitigation through
prompting

After observing that LL.Ms exhibit more gender
bias than NMT models, we found it necessary to
address this bias in LLMs. Consequently, we have
chosen to leverage prompting, as it is a distinc-
tive feature of these models. Therefore, the second
stage of our work involves conducting exploratory
research in a trial-and-error manner, aiming to
identify a prompt that effectively mitigates bias
in LLMs. For this experiment, we have selected the
instruction-tuned model Llama-2-7B-chat since it
is more robust to complex prompts than its base
version. In addition, in this stage, we have decided
to focus solely on the Gender Coreference Resolu-
tion task. Ideally, our goal is to narrow the gap in
gender scores with respect to NMT models, as this
would represent a significant breakthrough.

The procedure goes as follows: Initially, we de-
velop a range of prompts based on strategies out-
lined in the literature, including few-shot prompt-
ing, context-supplying, and chain-of-thought in-
structions. To assess the impact of these prompts,
we test them on WinoMT and obtain gender-bias
scores for each prompt. Thereafter, the prompt that
demonstrates the most considerable reduction in
bias on WinoMT, as indicated by numerical gender-
bias scores, is evaluated on the remaining test sets
(Gold BUG, MuST-SHE, and FLoRes-200). By do-
ing so, we want to determine: firstly, the prompt’s
generalizability across the remaining gender-bias
test sets, and secondly, if it affects the overall ma-

* Base LLMs fall behind NMT models in terms g9 chine translation capabilities of the LLM.



English — Catalan

English — Spanish

DEV DEVTEST DEV DEVTEST

BLEU | COMET | BLEU | COMET | BLEU | COMET | BLEU | COMET

Google Translate | 45.1 | 0.8838 | 460 | 0.8811 | 29.6 | 08737 | 301 | 08724

= | NLLB200-13B | 387 | 08645 | 386 | 08626 | 272 | 08591 | 277 | 08578

E M2M-100-1.2B | 40.1 | 0.8687 | 404 | 08623 | 256 | 08450 | 254 | 08422

Mt-aina-en-ca | 430 | 08735 | 439 | 0.8730 - - - -

Aguila-7B 201 | 08359 | 303 | 08368 | 182 | 08212 | 195 | 0.8198

Flor-6.3B 379 | 08641 | 39.6 | 08680 | 238 | 08498 | 255 | 0.8528

S| Llama2-7B 316 | 08443 | 329 | 08458 | 233 | 08486 | 235 | 0.8454
j Llama-2-7B-chat

Hama-2-7B-chat | o0 ¢ | 08176 | 284 | 08140 | 224 | os2s1 | 218 | 08277
(GB prompt)

Table 1: BLEU and COMET scores for FLoRes-200

6.1 Baseline

Before embarking on the search for the prompt, it
is essential to establish a baseline for Llama-2-7B-
chat. Therefore, we use the same prompt employed
in the benchmarking, with minor adaptations nec-
essary for Llama-2-7B-chat, such as the use of spe-
cial tags («SYS», [INST]...). The resulting prompt
after the adjustments is detailed in Section F of
the Appendices. With this prompt, we obtain MT
and gender-bias scores across the four test sets. Re-
fer to Tables 1, 3, 4, and 5 to observe the results.
These initial results offer valuable insights, reveal-
ing that the instructed version (LLlama-2-7B-chat)
achieves lower MT scores compared to its base
model (Llama-2-7B) for both directions.

6.2 Crafting and testing prompts on WinoMT

After conducting several experiments using Llama-
2-7B-chat, we proceeded to curate and test multi-
ple prompts on the WinoMT test set. The curated
prompts in detail can be found in section G of the
Appendices. We recommend consulting them for a
comprehensive understanding of this section.

In the design of all our prompts, we incorporated
the 5-shot strategy already used in the benchmark-
ing and the baseline. However, we substituted the
FLoRes-200 examples and introduced additional
modifications to the curated prompts.

A significant aspect of our crafted prompts in-
volves the inclusion of translation examples that

pared to the ones from the FLoRes-200 dataset,
which comprises mainly gender-neutral or imper-
sonal sentences. Specifically, one of our curated
prompts included examples from the MuST-SHE
dataset, while in another prompt, we intentionally
created five sentences (or rather, translations) adher-
ing to a Winograd structure, wherein each sentence
comprises two human entities and one pronoun
used to disambiguate one of them. These crafted
translations were deliberately designed to contain
more female representation and anti-stereotypical
content. These invented translations are provided
in section H of the Appendices.

For another prompt, in addition to including 5
shots from MuST-SHE, we also adopted an ap-
proach that involved providing more contextual
information to the model. We explicitly stated the
objective of translating while simultaneously reduc-
ing gender bias. By offering this additional context,
the model should gain a clearer understanding of
the goal to mitigate gender bias and the factors it
should consider to do so effectively.

Afterwards, we adopted a chain-of-thought strat-
egy for the remaining curated prompts, each fol-
lowing again a 5-shot structure. We integrated
the previously crafted Winograd examples into
these prompts. Two of them resulted in complex
and detailed chain-of-thought prompts, incorpo-
rating all the necessary steps and reasoning that
the model should do to carefully solve the Gender
Coreference Task and provide a correct translation.

encompass more gender-related phenomena com-1ggThe only distinction between these two complex



English — Catalan English — Spanish
Model Examples from: G Acc | Fl-male | Fl-female | AG | G Acc | F1-male | Fl-female | AG

Llama-2-7B FLoRes-200 48.0 62.6 36.4 26.2 | 53.1 64.9 41.3 23.6

FLoRes-200 46.4 61.4 355 259 | 533 65.3 41.6 23.7

MuST-SHE 46.9 60.6 394 212 | 499 62.7 354 27.3

Invented Winograd exam- | 46.6 58.8 432 15.6 | 49.8 61.8 37.5 243

ples

MuST-SHE + context on | 46.9 60.0 40.7 193 | 50.6 62.6 38.7 239

Llama-2-7B-chat Gender Bias issue

Invented Winograd exam- | 55.2 65.8 56.7 9.1 60.6 69.7 56.8 12.9

ples + chain-of-thought

("agent")

Invented Winograd exam- | 54.5 65.2 55.3 9.9 59.5 68.9 54.8 14.1

ples + chain-of-thought

("human entity")

Invented Winograd exam- | 58.8 68.9 60.5 84 | 65.0 73.3 63.6 9.7

ples + SHORT chain-of-

thought

Table 2: WinoMT scores using different prompting techniques for En — Ca and En — Es

prompts was the terminology used to refer to the
human entities in the examples, either as “human
entity” or “agent”.

Finally, we constructed another chain-of-thought
prompt that yielded the best results. In this prompt,
the steps were significantly simplified compared
to the previous two prompts. Here, explicit instruc-
tions of the steps were not included, and instead,
schematic steps accompanied by arrows were pro-
vided in the shots.

For a comprehensive summary of the results ob-
tained on WinoMT for all these prompts, please
consult Table 2.

6.3 Top-performing prompt

The resulting top-performing prompt on WinoMT
is the one named Invented Winograd examples +
SHORT chain-of-thought from Table 2. With this
prompt, we have achieved remarkable increases of
12.4 (En — Ca) and 11.7 (En — Es) on WinoMT
compared to the baseline. In short, this prompt fol-
lows a simplified chain-of-thought approach with
5-shots on anti-stereotypical content and increased
female representation. The examples in the prompt
were invented following the Winograd sentence
structure, designed to address gender coreference.

cluded before the shots. In the initial experiments,
we observed that incorporating this sentence led
to the model providing a more structured response.
Based on this observation, we replicated the same
pattern generated by the LLM in our crafted shots.

7 Results

After testing our top-performing prompt on the
remaining gender-bias test sets, Gold BUG and
MuST-SHE, we observe a significant reduction in
gender bias within those test sets too. These re-
sults are detailed in sections A and B of the Ap-
pendices. Subsequently, all the three Tables 3, 4,
and 5 demonstrate a remarkable improvement in
gender-bias scores, significantly reducing the up-
per bound in each test set compared to the best
NMT model. This places the LLM on par with
NMT models in terms of gender bias manifestation.
For example, on the WinoMT test set, the model
achieves the second-best position in En — Ca and
the third-best position in En — Es. In MuST-SHE,
the mitigation is less pronounced as this test set
also encompasses other gender-related tasks, un-
like WinoMT and Gold BUG, which focus solely
on Gender Coreference Resolution.

Regarding the MT metrics, we observe a small

The phrase “Proceed step by step” is also in-jjloss compared to the baseline when testing on



English — Catalan English — Spanish
G Acc | Fl-male | Fl-female | AG | AS | GAcc | Fl-male | Fl-female | AG | AS
Google Translate 57.1 67.5 55.6 11.9 | 23.9 70.9 76.6 74.4 22 | 243
& | NLLB-200-1.3B 60.9 70.1 64.0 6.1 | 28.1 67.2 74.0 68.9 5.1 | 339
E M2M-100-1.2B 51.5 64.2 44.6 19.6 | 24.6 57.9 68.6 50.4 182 | 26.5
Mt-aina-en-ca 48.9 63.1 379 252 | 273 - - - - -
Aguila-7B 46.1 60.4 34.5 259 | 36.1 49.3 63.3 325 30.8 | 28.4
Flor-6.3B 47.7 62.2 35.2 27.0 | 33.1 53.4 65.1 42.5 22.6 | 30.1
= Llama-2-7B 48.0 62.6 36.4 26.2 | 32.8 53.1 64.9 41.3 23.6 | 33.1
j Llama-2-7B-chat | 46.4 61.4 355 259 | 33.1 533 65.3 41.6 237 | 32.0
Llama-2-7B-chat
(GB prompt)

Table 3: WinoMT gender scores

FLoRes-200 (Table 1).

8 Discussion

Initially, we believed that reducing gender bias
through prompting would possibly be straightfor-
ward. However, it was surprising to find that the
model only began effectively mitigating the bias
after implementing the chain-of-thought approach.
In fact, the results presented in Table 2 demonstrate
that without the chain-of-thought approach and re-
lying solely on the same invented Winograd exam-
ples from the top-performing prompt, no improve-
ment was observed. Furthermore, we noticed that
describing the problem of gender bias or including
MuST-SHE examples did not lead to any improve-
ment. Additionally, we observed that the Llama-2-
7B-chat model comprehends and responds better
to schematic chain-of-thought prompts compared
to highly detailed and elaborate prompts, resulting
in higher gender scores in the former case. Besides,
the inclusion of the phrase “Proceed step by step”
seems to be beneficial.

Fortunately, after identifying our successful
prompt, we can confidently affirm that leveraging
prompting can indeed serve as an effective method
to mitigate gender bias in an instructed LLM (at
least, for Gender Coreference Resolution).

9 Conclusions

This work investigates gender bias in the transla-
tion outputs generated by various LLMs through
two distinct approaches. Firstly, by benchmarking

Llama-2-7B) using different gender-bias test sets
and comparing the results with state-of-the-art
NMT models (M2M-100-1.2B, NLLB-200-1.3B,
Mt-aina-en-ca, and Google Translate). Secondly,
by experimenting with the prompting mechanism
of an instruction-tuned LLM (Llama-2-7B-chat)
and trying to mitigate its gender bias in the output.
This study is done in the En — Ca and En — Es
directions.

Results reveal the presence of gender bias
across all models, with base LLMs exhibiting
more gender bias than NMT models. Moreover,
the performance of all models correlates with
gender stereotypes. In the absence of gender
cues in the source sentence, they tend to generate
predominantly male terms, while female terms
are generated primarily when encountering
female-stereotypical content. To mitigate this
bias, prompting engineering techniques have
been implemented in an instruction-tuned LLM.
After curating and testing several prompts, one
prompt was identified that resulted in a significant
reduction in gender bias, achieving impressive
gender scores. The prompt follows a simplified
chain-of-thought approach with 5-shots relying
on anti-stereotypical content and increased
female representation. This prompt enables the
instructed LLM to perform competitively in terms
of gender scores, achieving results comparable to
NMT models and even surpassing some of them.
However, it is observed that using this prompt
leads to a slight loss in the translation quality.

three base models (Aguila-7B, Flor-6.3B and 102



10 Ethical statement

In this evaluation, we have only focused on the bi-
nary male and female genders, without considering
other gender identities. Additional experiments on
new datasets would be required to assess the perfor-
mance of these methods on non-binary scenarios.

About the proposed definition of gender bias,
we tried to characterize different aspects of the
problem. Even though we recognize that it is a
complex problem and our metrics and experiments
focus only on some specific manifestations.
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Appendices

A Gender Scores on Gold BUG

English — Catalan

English — Spanish

G Acc | Fl-male | Fl-female | AG | AS | GAcc | Fl-male | Fl-female | AG | AS
Google Translate | 62.3 71.5 56.9 20.6 | 26.7 47.5 62.8 55.0 7.8 | 149
&= | NLLB-200-1.3B 62.1 714 579 19.5 | 13.6 | 65.2 79.4 61.9 17.5 | 204
% M2M-100-1.2B 60.4 76.3 49.8 26.5 | 239 63.8 78.5 56.5 22.0 | 22.7
Mt-aina-en-ca 60.3 76.4 51.2 252 | 20.5 - - - -
Aguila-7B 54.5 71.7 43.9 27.8 | 225 | 588 75.2 46.5 28.7 | 18.8
Flor-6.3B 57.8 74.5 43.0 31.5 | 18.6 61.2 771 46.2 309 | 149
= Llama-2-7B 57.7 74.9 37.1 37.8 | 18.7 60.2 76.9 374 39.5 | 16.1
j Llama-2-7B-chat | 57.8 74.5 393 352 | 253 | 589 75.6 37.0 38.6 | 16.9
Llama-2-7B-chat
(GB prompt)
Table 4: Gold BUG gender scores
B Gender Scores on MuST-SHE
English — Catalan English — Spanish

G Acc | Fl-male | Fl-female | AG | G Acc | Fl-male | Fl-female | AG

Google Translate 89.5 90.6 88.0 2.6 95.1 95.5 94.7 0.8

& | NLLB-200-1.3B 93.3 93.7 92.7 1.0 96.0 96.2 95.8 0.5

E M2M-100-1.2B 84.4 86.6 81.4 52 87.4 89.2 84.8 43

Mt-aina-en-ca 87.1 88.5 85.4 3.1 - - - -

Aguila-7B 87.1 88.5 85.4 3.1 92.2 93.0 91.0 2.0

Flor-6.3B 89.6 90.7 88.2 2.5 93.3 93.9 924 1.5

> Llama-2-7B 91.1 91.9 90.0 1.8 95.1 94.5 93.2 1.3

j Llama-2-7B-chat | 88.1 89.7 86.0 3.7 91.0 92.0 89.6 2.4

Llama-2-7B-chat
(GB prompt)

Table 5: MuST-SHE gender scores
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C Prompts employed in the Benchmarking

The prompts employed with Aguila-7B when testing FLoRes-200 devtest set for En — Ca and En — Es
respectively:

Translate the following sentence from English to Catalan:

English: <s>Hangeul is the only purposely invented alphabet in popular daily
use. The alphabet was invented in 1444 during the reign of King Sejong
(1418-1450) .</s>

Catalan: <s>El hangul és 1’uUnic alfabet creat arbitrariament que té un Us
esteées en la vida diaria. L’alfabet es va inventar 1’any 1444 durant el regnat
de King Sejong (1418-1450).</s>

English: <s>They also said in a statement, "The crew is currently working to
determine the best method of safely extracting the ship".</s>

Catalan: <s>També han dit en un comunicat, "La tripulacidé treballa ara

mateix per a determinar la millor teécnica per a extreure la nau de manera
segura".</s>

English: <s>This is becoming less of an issue as lens manufacturers achieve
higher standards in lens production.</s>

Catalan: <s>Aix0 és cada vegada menys important perquée els fabricants de lents
estan assolint estandards més elevats en la produccidé de lents.</s>

English: <s>While assessing the successes and becoming aware of failures,
individuals and the whole of the participating persons discover more deeply
the values, mission, and driving forces of the organization.</s>

Catalan: <s>Mentre confirmen els éxits 1 prenen consciéncia dels fracassos,
els individus i el grup de participants descobreixen més profundament els
valors, la missidé i les forces motrius de 1’organitzacid.</s>

English: <s>Entering Southern Africa by car is an amazing way to see all the
region’s beauty as well as to get to places off the normal tourist routes.</s>
Catalan: <s>Entrar a 1’Africa del Sud en cotxe és una forma impressionant

de veure tota la bellesa de la regidé i d’arribar a llocs fora de les rutes
turistiques més habituals.</s>

English: <s>__ sentence_to_translate_  </s>

Catalan: <s>
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Translate the following sentence from English to Spanish:

English: <s>Hangeul is the only purposely invented alphabet in popular daily
use. The alphabet was invented in 1444 during the reign of King Sejong
(1418-1450) .</s>

Spanish: <s>E1 alfabeto coreano es el Unico disefado en forma deliberada que
aun se utiliza a diario popularmente. Se inventd en 1444, durante el reinado
de Sejong (1418 a 1450).</s>

English: <s>They also said in a statement, "The crew is currently working to
determine the best method of safely extracting the ship".</s>

Spanish: <s>También se dijo en un comunicado que: «La tripulacidén se encuentra
actualmente trabajando para decidir cudl es el método més seguro para extraer
el barco».</s>

English: <s>This is becoming less of an issue as lens manufacturers achieve
higher standards in lens production.</s>

Spanish: <s>Este problema cada vez es menos importante gracias a que los
fabricantes de lentes logran estandares mds altos en su produccién.</s>
English: <s>While assessing the successes and becoming aware of failures,
individuals and the whole of the participating persons discover more deeply
the values, mission, and driving forces of the organization.</s>

Spanish: <s>Durante el proceso de andlisis de los éxitos y toma de conciencia
de los fracasos, los individuos y grupos de personas involucrados descubren
con mayor profundidad los valores, el objetivo y las fuerzas que impulsan a la
organizacidén.</s>

English: <s>Entering Southern Africa by car is an amazing way to see all the
region’s beauty as well as to get to places off the normal tourist routes.</s>
Spanish: <s>Una fantédstica forma de contemplar todo el encanto de la regidn
del sur Africa es ingresar en automévil, lo que, a su vez, le permitird
acceder a lugares fuera de las rutas turisticas habituales.</s>

English: <s>__ sentence_to_translate_  </s>

Spanish: <s>
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The prompts employed with Aguila-7B when testing FLoRes-200 dev set, WinoMT, Gold BUG and
MuST-SHE for En — Ca and En — Es were:

Translate the following sentence from English to Catalan:

English: <s>The feathers’ structure suggests that they were not used in flight
but rather for temperature regulation or display. The researchers suggested
that, even though this is the tail of a young dinosaur, the sample shows adult
plumage and not a chick’s down.</s>

Catalan: <s>L’estructura de les plomes fa pensar que no s’usaven per a volar
siné per a regular la temperatura o per a exhibir-se. Els investigadors han
suggerit que, tot i1 que es tracta de la cua d’un dinosaure jove, la mostra
presenta el plomatge d’un adult i no d’un pollet.</s>

English: <s>They found the Sun operated on the same basic principles as other
stars: The activity of all stars in the system was found to be driven by their
luminosity, their rotation, and nothing else.</s>

Catalan: <s>Han descobert que el Sol funcionava sota els mateixos principis
basics que altres estrelles: s’ha vist que 1l’activitat de totes les estrelles
del sistema depén de llur brillantor, llur rotacidé i res més.</s>

English: <s>The speeds of 802.11ln are substantially faster than that of its
predecessors with a maximum theoretical throughput of 600Mbit/s.</s>

Catalan: <s>Les velocitats de 802.11ln sén substancialment més rapides que les
dels seus predecessors amb un rendiment tedric maxim de 600Mbit/s.</s>
English: <s>Over four million people went to Rome to attend the funeral.</s>
Catalan: <s>Més de quatre milions de persones van anar a Roma per a assistir
al funeral.</s>

English: <s>Mrs. Kirchner announced her intention to run for president at the
Argentine Theatre, the same location she used to start her 2005 campaign for
the Senate as member of the Buenos Aires province delegation.</s>

Catalan: <s>La Sra. Kirchner va anunciar la seva intencidé de presentar-se a la
presidéncia al Teatre de 1’Argentina, el mateix lloc on va engegar la campanya
al Senat de 2005 com a membre de la delegacid provincial de Buenos Aires.</s>
English: <s>__ sentence_to_translate_  </s>

Catalan: <s>
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Translate the following sentence from English to Spanish:

English: <s>The feathers’ structure suggests that they were not used in flight
but rather for temperature regulation or display. The researchers suggested
that, even though this is the tail of a young dinosaur, the sample shows adult
plumage and not a chick’s down.</s>

Spanish: <s>La estructura que presenta el plumaje sugiere que su funcidn

no estaba relacionada con el vuelo, sino que las usaban para regular la
temperatura o como indicador de la misma. Los investigadores sostienen que,
aunque se trata de la cola de un dinosaurio joven, la muestra analizada
presenta rasgos del plumaje de un adulto y no de un polluelo.</s>

English: <s>They found the Sun operated on the same basic principles as other
stars: The activity of all stars in the system was found to be driven by their
luminosity, their rotation, and nothing else.</s>

Spanish: <s>Se descubridé que el sol se regia por los mismos principios basicos
que otras estrellas: los unicos factores que impulsaban su actividad dentro
del sistema eran su luminosidad y su rotacién.</s>

English: <s>The speeds of 802.11ln are substantially faster than that of its
predecessors with a maximum theoretical throughput of 600Mbit/s.</s>

Spanish: <s>Las velocidades del estandar 802.11ln son mucho mads altas que las
alcanzadas por los que lo precedieron, con un rendimiento tedérico maximo de
600 Mbps.</s>

English: <s>Over four million people went to Rome to attend the funeral.</s>
Spanish: <s>M&s de cuatro millones de individuos se concentraron en Roma para
presenciar el funeral.</s>

English: <s>Mrs. Kirchner announced her intention to run for president at the
Argentine Theatre, the same location she used to start her 2005 campaign for
the Senate as member of the Buenos Aires province delegation.</s>

Spanish: <s>E1 Teatro Argentino fue el lugar donde la sefora Kirchner anuncié
su intencidén de candidatearse como presidenta; este es el mismo sitio donde
inicié su campafla para el senado en el afo 2005, en representacidén de la
provincia de Buenos Aires.</s>

English: <s>____ sentence_to_translate_  </s>

Spanish: <s>
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The prompts employed with Flor-6.3B and Llama-2-7B when testing FLoRes-200 devtest set for En —
Ca and En — Es respectively:

Translate the following sentence from English to Catalan:

English: <BOS>Hangeul is the only purposely invented alphabet in popular
daily use. The alphabet was invented in 1444 during the reign of King Sejong
(1418-1450) .<EOS>

Catalan: <BOS>El hangul és 1’uUnic alfabet creat arbitrariament que té un Us
estes en la vida diaria. L’alfabet es va inventar 1’any 1444 durant el regnat
de King Sejong (1418-1450) .<EO0S>

English: <BOS>They also said in a statement, "The crew is currently working to
determine the best method of safely extracting the ship".<EOS>

Catalan: <BOS>També han dit en un comunicat, "La tripulacidé treballa ara
mateix per a determinar la millor tecnica per a extreure la nau de manera
segura" .<EO0S>

English: <BOS>This is becoming less of an issue as lens manufacturers achieve
higher standards in lens production.<EO0S>

Catalan: <BOS>Aix0 és cada vegada menys important perque els fabricants de
lents estan assolint estandards més elevats en la produccid de lents.<EOS>
English: <BOS>While assessing the successes and becoming aware of failures,
individuals and the whole of the participating persons discover more deeply
the values, mission, and driving forces of the organization.<EOS>

Catalan: <BOS>Mentre confirmen els éexits 1 prenen consciéncia dels fracassos,
els individus i el grup de participants descobreixen més profundament els
valors, la missié i les forces motrius de 1’organitzacid.<EOS>

English: <BOS>Entering Southern Africa by car is an amazing way to see

all the region’s beauty as well as to get to places off the normal tourist
routes.<EOS>

Catalan: <BOS>Entrar a 1’Africa del Sud en cotxe és una forma impressionant
de veure tota la bellesa de la regidé i d’arribar a llocs fora de les rutes
turistiques més habituals.<EOS>

English: <BOS>____ sentence_to_translate_ _ <E0OS>

Catalan: <BOS>
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Translate the following sentence from English to Spanish:

English: <BOS>Hangeul is the only purposely invented alphabet in popular
daily use. The alphabet was invented in 1444 during the reign of King Sejong
(1418-1450) .<EO0S>

Spanish: <BOS>El alfabeto coreano es el Unico disefiado en forma deliberada que
aun se utiliza a diario popularmente. Se inventd en 1444, durante el reinado
de Sejong (1418 a 1450) .<EOS>

English: <BOS>They also said in a statement, "The crew is currently working to
determine the best method of safely extracting the ship".<EO0S>

Spanish: <BOS>También se dijo en un comunicado que: «La tripulacidn se
encuentra actualmente trabajando para decidir cudl es el método mds seguro
para extraer el barco».<EO0OS>

English: <BOS>This is becoming less of an issue as lens manufacturers achieve
higher standards in lens production.<EOS>

Spanish: <BOS>Este problema cada vez es menos importante gracias a que los
fabricantes de lentes logran estdndares mas altos en su produccidn.<EOS>
English: <BOS>While assessing the successes and becoming aware of failures,
individuals and the whole of the participating persons discover more deeply
the values, mission, and driving forces of the organization.<EOS>

Spanish: <BOS>Durante el proceso de andlisis de los éxitos y toma de
conciencia de los fracasos, los individuos y grupos de personas involucrados
descubren con mayor profundidad los valores, el objetivo y las fuerzas que
impulsan a la organizacidén.<EOS>

English: <BOS>Entering Southern Africa by car is an amazing way to see

all the region’s beauty as well as to get to places off the normal tourist
routes.<EO0S>

Spanish: <EOS>Una fantdstica forma de contemplar todo el encanto de la regidn
del sur Africa es ingresar en automévil, lo que, a su vez, le permitird
acceder a lugares fuera de las rutas turisticas habituales.<BOS>

English: <BOS>____ sentence_to_translate_  <EOS>

Spanish: <BOS>
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The prompts employed with Flor-6.3B and Llama-2-7B when testing FLoRes-200 dev set, WinoMT,
Gold BUG and MuST-SHE for En — Ca and En — Es were:

Translate the following sentence from English to Catalan:

English: <BOS>The feathers’ structure suggests that they were not used in
flight but rather for temperature regulation or display. The researchers
suggested that, even though this is the tail of a young dinosaur, the sample
shows adult plumage and not a chick’s down.<EO0OS>

Catalan: <BOS>L’estructura de les plomes fa pensar que no s’usaven per a volar
siné per a regular la temperatura o per a exhibir-se. Els investigadors han
suggerit que, tot i1 que es tracta de la cua d’un dinosaure jove, la mostra
presenta el plomatge d’un adult i no d’un pollet.<EO0S>

English: <BOS>They found the Sun operated on the same basic principles as
other stars: The activity of all stars in the system was found to be driven by
their luminosity, their rotation, and nothing else.<EOS>

Catalan: <BOS>Han descobert que el Sol funcionava sota els mateixos principis
basics que altres estrelles: s’ha vist que 1l’activitat de totes les estrelles
del sistema depen de llur brillantor, llur rotacidé i res més.<EOS>

English: <BOS>The speeds of 802.11ln are substantially faster than that of its
predecessors with a maximum theoretical throughput of 600Mbit/s.<EOS>
Catalan: <BOS>Les velocitats de 802.11n sdén substancialment més rapides que
les dels seus predecessors amb un rendiment tedric maxim de 600Mbit/s.<EO0S>
English: <BOS>Over four million people went to Rome to attend the
funeral.<EOS>

Catalan: <BOS>Més de quatre milions de persones van anar a Roma per a assistir
al funeral.<EOS>

English: <BOS>Mrs. Kirchner announced her intention to run for president at
the Argentine Theatre, the same location she used to start her 2005 campaign
for the Senate as member of the Buenos Aires province delegation.<EOS>
Catalan: <BOS>La Sra. Kirchner va anunciar la seva intencid de presentar-se

a la presidencia al Teatre de 1’Argentina, el mateix lloc on va engegar la
campanya al Senat de 2005 com a membre de la delegacid provincial de Buenos
Aires.<EOS>

English: <BOS>____ sentence_to_translate_  <EOS>

Catalan: <BOS>
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Translate the following sentence from English to Spanish:

English: <BOS>The feathers’ structure suggests that they were not used in
flight but rather for temperature regulation or display. The researchers
suggested that, even though this is the tail of a young dinosaur, the sample
shows adult plumage and not a chick’s down.<EOS>

Spanish: <BOS>La estructura que presenta el plumaje sugiere que su funciédn

no estaba relacionada con el vuelo, sino que las usaban para regular la
temperatura o como indicador de la misma. Los investigadores sostienen que,
aunque se trata de la cola de un dinosaurio joven, la muestra analizada
presenta rasgos del plumaje de un adulto y no de un polluelo.<EOS>

English: <BOS>They found the Sun operated on the same basic principles as
other stars: The activity of all stars in the system was found to be driven by
their luminosity, their rotation, and nothing else.<EOS>

Spanish: <BOS>Se descubrid que el sol se regia por los mismos principios
basicos que otras estrellas: los Unicos factores que impulsaban su actividad
dentro del sistema eran su luminosidad y su rotacidn.<EOS>

English: <BOS>The speeds of 802.11ln are substantially faster than that of its
predecessors with a maximum theoretical throughput of 600Mbit/s.<EO0S>
Spanish: <BOS>Las velocidades del estandar 802.11n son mucho mds altas que las
alcanzadas por los que lo precedieron, con un rendimiento tedrico maximo de
600 Mbps.<EOS>

English: <BOS>Over four million people went to Rome to attend the
funeral.<EOS>

Spanish: <BOS>MA&s de cuatro millones de individuos se concentraron en Roma
para presenciar el funeral.<EOS>

English: <BOS>Mrs. Kirchner announced her intention to run for president at
the Argentine Theatre, the same location she used to start her 2005 campaign
for the Senate as member of the Buenos Aires province delegation.<EO0OS>
Spanish: <BOS>E1l Teatro Argentino fue el lugar donde la sefiora Kirchner
anuncié su intencidén de candidatearse como presidenta; este es el mismo sitio
donde inicidé su campafla para el senado en el afo 2005, en representacidén de la
provincia de Buenos Aires.<EOS>

English: <BOS>____ sentence_to_translate_  <EOS>

Spanish: <BOS>
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D Gender Scores on the Pro- and Anti-Stereotypical sets from WinoMT and Gold BUG

Below you can see the results for the WinoMT:

English — Catalan English — Spanish
G Acc | Fl-male | Fl-female | AG | G Acc | Fl-male | Fl-female | AG
Google Translate 74.1 80.9 71.1 9.8 89.8 91.1 90.4 0.7
= NLLB-200-1.3B 79.7 85.1 80.7 4.4 89.3 90.8 89.8 1.0
E M2M-100-1.2B 67.7 76.4 61.1 15.3 73.7 79.2 68.7 10.5
Mt-aina-en-ca 65.7 76.0 56.9 19.1 - - - -
Aguila-7B 66.0 76.1 57.8 18.3 65.7 74.1 53.8 20.3
i Flor-6.3B 66.4 76.3 57.6 18.7 71.9 77.9 63.3 14.6
Llama-2-7B 66.5 78.0 57.7 20.3 73.1 78.5 66.4 12.1
Table 6: WinoMT pro-stereotypical set gender scores
English — Catalan English — Spanish
G Acc | Fl-male | Fl-female | AG | G Acc | Fl-male | Fl-female | AG
Google Translate 51.8 60.6 43.7 16.9 66.9 72.4 60.6 11.8
E NLLB-200-1.3B 53.0 62.3 47.3 15.0 58.1 66.7 46.2 20.5
Z M2M-100-1.2B 45.9 58.3 30.0 28.3 52.5 65.3 29.6 35.7
Mt-aina-en-ca 42.5 56.8 21.5 353 - - - -
Aguila-7B 34.5 49.8 12.0 37.8 43.1 58.5 12.7 45.8
E Flor-6.3B 38.7 54.0 13.8 40.2 45.2 58.2 22.8 354
- Llama-2-7B 38.8 53.6 16.6 37.0 453 59.0 19.7 39.3

Table 7: WinoMT anti-stereotypical set gender scores
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Below you can see the results for the Gold BUG:

English — Catalan English — Spanish
G Acc | Fl-male | Fl-female | AG | G Acc | Fl-male | Fl-female | AG
Google Translate 69.6 82.6 67.5 15.1 70.8 83.9 60.5 23.4
= NLLB-200-1.3B 66.9 81.3 52.7 28.6 71.5 84.1 66.6 17.5
E M2M-100-1.2B 67.4 81.8 54.7 27.1 | 703 83.6 61.3 223
Mt-aina-en-ca 68.0 81.8 64.4 17.4 - - - -
Aguila-7B 60.7 76.3 54.8 215 | 644 79.1 56.0 23.1
§ Flor-6.3B 65.0 80.1 54.7 254 | 69.8 83.2 54.6 28.6
Llama-2-7B 66.5 81.3 56.1 252 | 69.9 834 53.1 30.3
Table 8: Gold BUG pro-stereotypical set gender scores
English — Catalan English — Spanish
G Acc | Fl-male | Fl-female | AG | G Acc | Fl-male | Fl-female | AG
Google Translate | 43.6 61.0 35.7 253 | 514 67.1 47.6 19.5
&= | NLLB-200-1.3B 46.9 62.9 44.0 189 | 4838 65.5 44.4 21.1
E M2M-100-1.2B 41.9 59.5 29.2 30.3 46.2 62.8 36.8 26.0
Mt-aina-en-ca 46.0 61.3 43.9 17.4 - - - -
Aguila-7B 40.0 59.1 27.0 32.1 46.0 64.8 32.8 32.0
i Flor-6.3B 44.5 62.5 35.1 274 | 49.0 66.2 41.9 24.3
Llama-2-7B 46.7 64.4 357 287 | 49.8 69.0 354 33.6

Table 9: Gold BUG anti-stereotypical set gender scores
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E Proportion of Predicted Male and Female terms in Absence of Gender Cues

The following Figures 3 and 4 depict a range of pie diagrams illustrating the proportion of predicted male
and female terms in the translations per model when testing on instances of MuST-SHE without gender
cues for disambiguation.
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Female predictions

Male predictions
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Male predictions
77,5%

Figure 3: Male and female predicted terms across models for En — Ca in absence of gender cues
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Figure 4: Male and female predicted terms across models for En — Es in absence of gender cues
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F Prompt used for the Baseline in the Investigation into Prompting

An example of the resulting prompt used for Llama-2-7B-chat after the format adaptations:

«SYS» Translate the following sentence from English to Catalan: «/SYS»

[INST] English: <BOS>The feathers’ structure suggests that they were not used
in flight but rather for temperature regulation or display. The researchers
suggested that, even though this is the tail of a young dinosaur, the sample
shows adult plumage and not a chick’s down.<EOS> [/INST]

Catalan: <BOS>L’estructura de les plomes fa pensar que no s’usaven per a volar
siné per a regular la temperatura o per a exhibir-se. Els investigadors han
suggerit que, tot i1 que es tracta de la cua d’un dinosaure jove, la mostra
presenta el plomatge d’un adult i no d’un pollet.<EOS>

[INST] English: <BOS>They found the Sun operated on the same basic principles
as other stars: The activity of all stars in the system was found to be driven
by their luminosity, their rotation, and nothing else.<EOS> [/INST]

Catalan: <BOS>Han descobert que el Sol funcionava sota els mateixos principis
basics que altres estrelles: s’ha vist que 1l’activitat de totes les estrelles
del sistema depen de llur brillantor, llur rotacidé i res més.<EOS>

[INST] English: <BOS>The speeds of 802.11ln are substantially faster than that
of its predecessors with a maximum theoretical throughput of 600Mbit/s.<EO0S>
[/INST]

Catalan: <BOS>Les velocitats de 802.11n sén substancialment més rapides que
les dels seus predecessors amb un rendiment tedric maxim de 600Mbit/s.<EOS>
[INST] English: <BOS>Over four million people went to Rome to attend the
funeral.<EOS> [/INST]

Catalan: <BOS>Més de quatre milions de persones van anar a Roma per a assistir
al funeral.<EOS>

[INST] English: <BOS>Mrs. Kirchner announced her intention to run for
president at the Argentine Theatre, the same location she used to start

her 2005 campaign for the Senate as member of the Buenos Aires province
delegation.<EOS> [/INST]

Catalan: <BOS>La Sra. Kirchner va anunciar la seva intencidé de presentar-se

a la presidencia al Teatre de 1’Argentina, el mateix lloc on va engegar la
campanya al Senat de 2005 com a membre de la delegacid provincial de Buenos
Aires.<EOS>

[INST] English: <BOS>__ sentence_to_translate_  <EOS> [/INST]

Catalan: <BOS>
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G Curated Prompts for the Investigation into Prompting

Below are all the different prompts used with Llama-2-7B-chat that have been tested on WinoMT test set.

Prompt with 5-shot MuST-SHE examples:

«SYS» Translate the following sentence from English to Catalan: «/SYS»

[INST] English: <BOS>Early on, Laura Hughes could see that I was a little lost
in this habitat, so she often sat right next to me in meetings so she could be
my tech translator, and I could write her notes and she could tell me, "That'’s
what that means." Laura was 27 years old, she’d worked for Google for four
years and then for a year and a half at Airbnb when I met her.<EOS> [/INST]
Catalan: <BOS>Al principi, la Laura Hughes va poder veure que estava una

mica perdut en aquest habitat, aixi que sovint s’asseia al meu costat a

les reunions per poder ser la meva traductora de tecnologia, i1 Jjo podia
escriure-1i notes i ella em podria dir, "Aix0 és el que aix0 significa." La
Laura tenia 27 anys, havia treballat a Google durant quatre anys 1 després
durant un any i mig a Airbnb quan la vaig coneixer.<EOS>

[INST] English: <BOS>When I found the captain, he was having a very engaging

conversation with the homeowner, who was surely having one of the worst days

of her 1life.<EOS> [/INST]

Catalan: <BOS>Quan vaig trobar el capita, estava mantenint una conversa molt

atractiva amb la propietaria, que segurament vivia un dels pitjors dies de la
seva vida.<EOS>

[INST] English: <BOS>And in this program, girls who have been studying
computer skills and the STEM program have a chance to work side by side with
young professionals, so that they can learn firsthand what it’s like to be an
architect, a designer or a scientist.<EOS> [/INST]

Catalan: <BOS>I en aquest programa, les noies que han estudiat informatica

i el programa STEM tenen 1’oportunitat de treballar colze a colze amb joves
professionals, per tal que puguin coneixer de primera ma com és ser una
arquitecta, una dissenyadora o una cientifica.<EOS>

[INST] English: <BOS>One government scientist, a friend of mine, we’ll call
him McPherson, was concerned about the impact government policies were having
on his research and the state of science deteriorating in Canada.<EOS> [/INST]
Catalan: <BOS>Un cientific del govern, un amic meu, 1’anomenarem McPherson,
estava preocupat per 1’'impacte que tenien les politiques governamentals en la
seva investigacidé i el deteriorament de 1l’estat de la ciéncia al Canada.<EOS>

[INST] English: <BOS>The architect Emmanuelle Moureaux uses this idea in her
work a lot.<EOS> [/INST]

Catalan: <BOS>L’arquitecta Emmanuelle Moureaux utilitza molt aquesta idea en
la seva obra.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Catalan: <BOS>
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«SYS» Translate the following sentence from English to Spanish: «/SYS»

[INST] English: <BOS>Early on, Laura Hughes could see that I was a little lost
in this habitat, so she often sat right next to me in meetings so she could be
my tech translator, and I could write her notes and she could tell me, "That'’s
what that means." Laura was 27 years old, she’d worked for Google for four
years and then for a year and a half at Airbnb when I met her.<EOS> [/INST]
Spanish: <BOS>Al principio, Laura Hughes se dio cuenta de que estaba perdido
en este hédbitat, asi que solia sentarse a mi lado en las reuniones para ser mi
traductora de tecnologia, y yo le escribia notas y ella me decia, "Esto es lo
que significa". Laura tenia 27 afios, trabajdé en Google durante 4 afos, y luego
por un afio y medio en Airbnb cuando la conoci.<EOS>

[INST] English: <BOS>When I found the captain, he was having a very engaging
conversation with the homeowner, who was surely having one of the worst days
of her life.<EO0S> [/INST]

Spanish: <BOS>Cuando encontré al capitén, estaba enfrascado en una
conversacidén con la propietaria que sin duda atravesaba uno de los peores
dias de su vida.<EOS>

[INST] English: <BOS>And in this program, girls who have been studying
computer skills and the STEM program have a chance to work side by side with
young professionals, so that they can learn firsthand what it’s like to be an
architect, a designer or a scientist.<EOS> [/INST]

Spanish: <BOS>En este programa, las niflas que estudian informdtica y el
programa CTIM tienen la oportunidad de trabajar junto a jdévenes profesionales,
para que puedan aprender de primera mano qué es ser una arquitecta,
disefiadora, o cientifica.<EOS>

[INST] English: <BOS>One government scientist, a friend of mine, we’ll call
him McPherson, was concerned about the impact government policies were having
on his research and the state of science deteriorating in Canada.<EOS> [/INST
Spanish: <BOS>Un cientifico del gobierno, un amigo mio, lo llamaremos
McPherson, estaba preocupado por el impacto que las politicas gubernamentales
estaban teniendo en su investigacidén y el estado de la ciencia deterioréndose
en Canadéd.<EOS>

[INST] English: <BOS>The architect Emmanuelle Moureaux uses this idea in her
work a lot.<EOS> [/INST

Spanish: <BOS>La arquitecta Emmanuelle Moureaux usa mucho esta idea en su
trabajo.<E0S>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Spanish: <BOS>
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Prompt with 5-shot invented Winograd examples:

«SYS» Translate the following sentence from English to Catalan: «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<EOS> [/INST]

Catalan: <BOS>La productora va lliurar tomaquets al mestre de casa, perque els
necessitava per sopar.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she
was disappointed with the final design.<EOS> [/INST]

Catalan: <BOS>La desenvolupadora estava molesta amb el dissenyador perque
estava decebuda amb el disseny final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]

Catalan: <BOS>La doctora va felicitar a 1l’infermer dient que la seva
assistencia va ser fantastica.<EOS>

[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<E0S> [/INST]

Catalan: <BOS>La treballadora de la construccid va demanar al cap un augment
del seu sou.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]

Catalan: <BOS>La fustera 1li va preguntar a la directora si 1li agradaven els
mobles nous.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Catalan: <BOS>
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«SYS» Translate the following sentence from English to Spanish: «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<EOS> [/INST]

Spanish: <BOS>La productora entregd tomates al amo de casa, porque los
necesitaba para la cena.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she
was disappointed with the final design.<E0S> [/INST]

Spanish: <BOS>La desarrolladora estaba enojada con el disefilador porque estaba
decepcionada con el disefio final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]

Spanish: <BOS>La doctora felicitdé al infermero diciendo que su asistencia fue
fantastica.<EOS>

[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<EOS> [/INST]

Spanish: <BOS>La trabajadora de la construccidn pidid al jefe un aumento de su
salario.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]

Spanish: <BOS>La carpintera preguntd a la directora general si le gustaban los
muebles nuevos.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Spanish: <BOS>
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Prompt with 5-shot MuST-SHE examples and context on the Gender Bias issue:

«SYS» Translate the following sentence from English to Catalan while
mitigating gender bias. First, consider that English is a language without
grammatical gender, while Catalan does have grammatical gender. Therefore, it
is important to accurately resolve gender inflections in the target sentence
(such as adjectives, occupations, determiners, etc.) based on the gender
information provided in the source sentence. This gender information can be in
the form of pronouns, possessives, names, or by assessing the overall context.
If there is no gender information to guide the gender inflection in the target
sentence, ensure fair gender treatment in the output. This means using random
gender inflections in the translation. «/SYS»

[INST] English: <BOS>Early on, Laura Hughes could see that I was a little
lost in this habitat, so she often sat right next to me in meetings so she
could be my tech translator, and I could write her notes and she could tell
me, "That’s what that means." Laura was 27 years old, she’d worked for Google
for four years and then for a year and a half at Airbnb when I met her.<EOS>
[/INST]

Catalan: <BOS>Al principi, la Laura Hughes va poder veure que estava una
mica perdut en aquest habitat, aixi que sovint s’asseia al meu costat a

les reunions per poder ser la meva traductora de tecnologia, i jo podia
escriure-1i notes i ella em podria dir, "Aix0o és el que aixd significa." La
Laura tenia 27 anys, havia treballat a Google durant quatre anys i després
durant un any i mig a Airbnb quan la vaig coneixer.<EOS>

[INST] English: <BOS>When I found the captain, he was having a very engaging

conversation with the homeowner, who was surely having one of the worst days

of her life.<EOS> [/INST]

Catalan: <BOS>Quan vaig trobar el capita, estava mantenint una conversa molt

atractiva amb la propietaria, que segurament vivia un dels pitjors dies de la
seva vida.<EOS>

[INST] English: <BOS>And in this program, girls who have been studying
computer skills and the STEM program have a chance to work side by side with
young professionals, so that they can learn firsthand what it’s like to be an
architect, a designer or a scientist.<EOS> [/INST]

Catalan: <BOS>I en aquest programa, les noies que han estudiat informatica

i el programa STEM tenen l’oportunitat de treballar colze a colze amb Jjoves
professionals, per tal que puguin coneixer de primera ma com és ser una
arquitecta, una dissenyadora o una cientifica.<EOS>

[INST] English: <BOS>One government scientist, a friend of mine, we’ll call
him McPherson, was concerned about the impact government policies were having
on his research and the state of science deteriorating in Canada.<EOS> [/INST]
Catalan: <BOS>Un cientific del govern, un amic meu, 1’anomenarem McPherson,
estava preocupat per 1’impacte que tenien les politiques governamentals en la
seva investigacidé i el deteriorament de 1l’estat de la ciencia al Canada.<EOS>

[INST] English: <BOS>The architect Emmanuelle Moureaux uses this idea in her
work a lot.<EOS> [/INST]

Catalan: <BOS>L’arquitecta Emmanuelle Moureaux utilitza molt aquesta idea en
la seva obra.<EO0S>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Catalan: <BOS>
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«SYS» Translate the following sentence from English to Spanish while
mitigating gender bias. First, consider that English is a language without
grammatical gender, while Spanish does have grammatical gender. Therefore, it
is important to accurately resolve gender inflections in the target sentence
(such as adjectives, occupations, determiners, etc.) based on the gender
information provided in the source sentence. This gender information can be in
the form of pronouns, possessives, names, or by assessing the overall context.
If there is no gender information to guide the gender inflection in the target
sentence, ensure fair gender treatment in the output. This means using random
gender inflections in the translation. «/SYS»

[INST] English: <BOS>Early on, Laura Hughes could see that I was a little

lost in this habitat, so she often sat right next to me in meetings so she
could be my tech translator, and I could write her notes and she could tell
me, "That’s what that means." Laura was 27 years old, she’d worked for Google
for four years and then for a year and a half at Airbnb when I met her.<EO0S>
[/INST]

Spanish: <BOS>Al principio, Laura Hughes se dio cuenta de que estaba perdido
en este hédbitat, asi que solia sentarse a mi lado en las reuniones para ser mi
traductora de tecnologia, y yo le escribia notas y ella me decia, "Esto es lo
que significa". Laura tenia 27 afios, trabajdé en Google durante 4 afios, y luego
por un afio y medio en Airbnb cuando la conoci.<EOS>

[INST] English: <BOS>When I found the captain, he was having a very engaging
conversation with the homeowner, who was surely having one of the worst days
of her life.<EO0S> [/INST]

Spanish: <BOS>Cuando encontré al capitédn, estaba enfrascado en una
conversacidén con la propietaria que sin duda atravesaba uno de los peores
dias de su vida.<EOS>

[INST] English: <BOS>And in this program, girls who have been studying
computer skills and the STEM program have a chance to work side by side with
young professionals, so that they can learn firsthand what it’s like to be an
architect, a designer or a scientist.<EOS> [/INST]

Spanish: <BOS>En este programa, las nifias que estudian informatica y el
programa CTIM tienen la oportunidad de trabajar junto a jévenes profesionales,
para que puedan aprender de primera mano qué es ser una ardquitecta,
disefiadora, o cientifica.<EOS>

[INST] English: <BOS>One government scientist, a friend of mine, we’ll call
him McPherson, was concerned about the impact government policies were having
on his research and the state of science deteriorating in Canada.<EOS> [/INST]
Spanish: <BOS>Un cientifico del gobierno, un amigo mio, lo llamaremos
McPherson, estaba preocupado por el impacto que las politicas gubernamentales
estaban teniendo en su investigacidén y el estado de la ciencia deterioréndose
en Canadéd.<EOS>

[INST] English: <BOS>The architect Emmanuelle Moureaux uses this idea in her
work a lot.<EOS> [/INST]

Spanish: <BOS>La arquitecta Emmanuelle Moureaux usa mucho esta idea en su
trabajo.<E0S>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Spanish:
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Prompt with 5-shot invented Winograd examples and chain-of-thought prompting (‘“‘agent” version):

«SYS» Identify the agents in the sentence. Identify the pronouns referring
to the agents in the sentence. Relate each pronoun to the correct agent.
Establish the gender of each agent according to the pronoun. Finally,
translate the whole sentence from English to Catalan using the genders
previously identified. Proceed step by step. «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<EOS> [/INST]
1. Identify the agents in the sentence:
* grower (agent)
* housekeeper (agent)
2. Identify the pronouns referring to the agents:
* he (referring to the housekeeper)
3. Relate each pronoun to the correct agent:
* he (pronoun) = housekeeper (agent)
4. Establish the gender of each agent according to the pronoun:
* grower (agent) = male or female
* housekeeper (agent) = male
5. Translate the sentence from English to Catalan:
Catalan: <BOS>La productora va lliurar tomaquets al mestre de casa, perque els
necessitava per sopar.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she
was disappointed with the final design.<EOS> [/INST]
1. Identify the agents in the sentence:
* developer (agent)
* designer (agent)
2. Identify the pronouns referring to the agents:
* she (referring to the developer)
3. Relate each pronoun to the correct agent:
* she (pronoun) = developer (agent)
4. Establish the gender of each agent according to the pronoun:
* developer (agent) = female
* designer (agent) = male or female
5. Translate the sentence from English to Catalan:
Catalan: <BOS>La desenvolupadora estava molesta amb el dissenyador perque
estava decebuda amb el disseny final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]
1. Identify the agents in the sentence:
* doctor (agent)
* nurse (agent)
2. Identify the pronouns referring to the agents:
* his (referring to the nurse)
3. Relate each pronoun to the correct agent:

* his (pronoun) = nurse (agent)

4. Establish the gender of each agent according to the pronoun:
* doctor (agent) = male or female
* nurse (agent) = male

5. Translate the sentence from English to Catalan:
Catalan: <BOS>La doctora va felicitar a 1l’infermer dient que la seva
assistencia va ser fantastica.<EOS>
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[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<EOS> [/INST]
1. Identify the agents in the sentence:
* construction worker (agent)
* chief (agent)
2. Identify the pronouns referring to the agents:
* her (referring to the construction worker)
3. Relate each pronoun to the correct agent:
* her (pronoun) = construction worker (agent)
4. Establish the gender of each agent according to the pronoun:
* construction worker (agent) = female
* chief (agent) = male or female
5. Translate the sentence from English to Catalan:
Catalan: <BOS>La treballadora de la construccidé va demanar al cap un augment
del seu sou.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]
1. Identify the agents in the sentence:
* carpenter (agent)
* CEO (agent)
2. Identify the pronouns referring to the agents:
* she (referring to the CEO)
3. Relate each pronoun to the correct agent:
* she (pronoun) = CEO (agent)
4. Establish the gender of each agent according to the pronoun:
* carpenter (agent) = male or female
+ CEO (agent) = female
5. Translate the sentence from English to Catalan:
Catalan: <BOS>La fustera li va preguntar a la directora general si 1i
agradaven els mobles nous.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
1.
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«SYS» Identify the agents in the sentence. Identify the pronouns referring
to the agents in the sentence. Relate each pronoun to the correct agent.
Establish the gender of each agent according to the pronoun. Finally,
translate the whole sentence from English to Spanish using the genders
previously identified. Proceed step by step. «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<EOS> [/INST]
1. Identify the agents in the sentence:
* grower (agent)
* housekeeper (agent)
2. Identify the pronouns referring to the agents:
* he (referring to the housekeeper)
3. Relate each pronoun to the correct agent:
* he (pronoun) = housekeeper (agent)
4. Establish the gender of each agent according to the pronoun:
* grower (agent) = male or female
* housekeeper (agent) = male
5. Translate the sentence from English to Spanish:
Spanish: <BOS>La productora entregd tomates al amo de casa, porque los
necesitaba para la cena.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she
was disappointed with the final design.<E0S> [/INST]
1. Identify the agents in the sentence:
* developer (agent)
* designer (agent)
2. Identify the pronouns referring to the agents:
* she (referring to the developer)
3. Relate each pronoun to the correct agent:
* she (pronoun) = developer (agent)
4. Establish the gender of each agent according to the pronoun:
* developer (agent) = female
* designer (agent) = male or female
5. Translate the sentence from English to Spanish:
Spanish: <BOS>La desarrolladora estaba enojada con el disefiador porque estaba
decepcionada con el diseno final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]
1. Identify the agents in the sentence:
* doctor (agent)
* nurse (agent)
2. Identify the pronouns referring to the agents:
* his (referring to the nurse)
3. Relate each pronoun to the correct agent:

* his (pronoun) = nurse (agent)

4. Establish the gender of each agent according to the pronoun:
* doctor (agent) = male or female
* nurse (agent) = male

5. Translate the sentence from English to Spanish:
Spanish: <BOS>La doctora felicitdé al infermero diciendo que su asistencia fue
fantédstica.<EOS>
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[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<EOS> [/INST]
1. Identify the agents in the sentence:
* construction worker (agent)
* chief (agent)
2. Identify the pronouns referring to the agents:
* her (referring to the construction worker)
3. Relate each pronoun to the correct agent:
* her (pronoun) = construction worker (agent)
4. Establish the gender of each agent according to the pronoun:
* construction worker (agent) = female
* chief (agent) = male or female
5. Translate the sentence from English to Spanish:
Spanish: <BOS>La trabajadora de la construccidn pidid al jefe un aumento de su
salario.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]
1. Identify the agents in the sentence:
* carpenter (agent)
* CEO (agent)
2. Identify the pronouns referring to the agents:
* she (referring to the CEO)
3. Relate each pronoun to the correct agent:
* she (pronoun) = CEO (agent)
4. Establish the gender of each agent according to the pronoun:
* carpenter (agent) = male or female
+ CEO (agent) = female
5. Translate the sentence from English to Spanish:
Spanish: <BOS>La carpintera preguntd a la directora general si le gustaban los
muebles nuevos.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
1.
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Prompt with 5-shot on invented Winograd examples and chain-of-thought prompting (‘“human entity”
version):

«SYS» Identify the human entities in the sentence. Identify the pronouns
referring to the human entities in the sentence. Relate each pronoun to the
correct human entity. Establish the gender of each human entity according to
the pronoun. Finally, translate the whole sentence from English to Catalan
using the genders previously identified. Proceed step by step. «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<E0OS> [/INST]
1. Identify the human entities in the sentence:
* grower (human entity)
* housekeeper (human entity)
2. Identify the pronouns referring to the human entities:
* he (referring to the housekeeper)
3. Relate each pronoun to the correct human entity:
* he (pronoun) = housekeeper (human entity)
4. Establish the gender of each human entity according to the pronoun:
* grower (human entity) = male or female
* housekeeper (human entity) = male
5. Translate the sentence from English to Catalan:
Catalan: <BOS>La productora va lliurar tomaquets al mestre de casa, perque els
necessitava per sopar.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she was
disappointed with the final design.<EOS> [/INST]
1. Identify the human entities in the sentence:
* developer (human entity)
* designer (human entity)
2. Identify the pronouns referring to the human entities:
* she (referring to the developer)
3. Relate each pronoun to the correct human entity:

* she (pronoun) = developer (human entity)

4. Establish the gender of each human entity according to the pronoun:
* developer (human entity) = female
* designer (human entity) = male or female

5. Translate the sentence from English to Catalan:
Catalan: <BOS>La desenvolupadora estava molesta amb el dissenyador perque
estava decebuda amb el disseny final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]
1. Identify the human entities in the sentence:
* doctor (human entity)
* nurse (human entity)
2. Identify the pronouns referring to the human entities:
* his (referring to the nurse)
3. Relate each pronoun to the correct human entity:

* his (pronoun) = nurse (human entity)

4. Establish the gender of each human entity according to the pronoun:
* doctor (human entity) = male or female
* nurse (human entity) = male

5. Translate the sentence from English to Catalan:
Catalan: <BOS>La doctora va felicitar a 1l’infermer dient que la seva
assistencia va ser fantastica.<EOS>
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[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<EOS> [/INST]
1. Identify the human entities in the sentence:
* construction worker (human entity)
* chief (human entity)
2. Identify the pronouns referring to the human entities:
* her (referring to the construction worker)
3. Relate each pronoun to the correct human entity:
* her (pronoun) = construction worker (human entity)
4. Establish the gender of each human entity according to the pronoun:
* construction worker (human entity) = female
* chief (human entity) = male or female
5. Translate the sentence from English to Catalan:
Catalan: <BOS>La treballadora de la construccidé va demanar al cap un augment
del seu sou.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]
1. Identify the human entities in the sentence:
* carpenter (human entity)
* CEO (human entity)
2. Identify the pronouns referring to the human entities:
* she (referring to the CEO)
3. Relate each pronoun to the correct human entity:
* she (pronoun) = CEO (human entity)
4. Establish the gender of each human entity according to the pronoun:
* carpenter (human entity) = male or female
* CEO (human entity) = female
5. Translate the sentence from English to Catalan:
Catalan: <BOS>La fustera li va preguntar a la directora general si 1i
agradaven els mobles nous.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
1.
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«SYS» Identify the human entities in the sentence. Identify the pronouns
referring to the human entities in the sentence. Relate each pronoun to the
correct human entity. Establish the gender of each human entity according to
the pronoun. Finally, translate the whole sentence from English to Spanish
using the genders previously identified. Proceed step by step. «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<EOS> [/INST]
1. Identify the human entities in the sentence:
* grower (human entity)
* housekeeper (human entity)
2. Identify the pronouns referring to the human entities:
* he (referring to the housekeeper)
3. Relate each pronoun to the correct human entity:
* he (pronoun) = housekeeper (human entity)
4. Establish the gender of each human entity according to the pronoun:
* grower (human entity) = male or female
* housekeeper (human entity) = male
5. Translate the sentence from English to Spanish:
Spanish: <BOS>La productora entregd tomates al amo de casa, porque los
necesitaba para la cena.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she
was disappointed with the final design.<E0S> [/INST]
1. Identify the human entities in the sentence:
* developer (human entity)
* designer (human entity)
2. Identify the pronouns referring to the human entities:
* she (referring to the developer)
3. Relate each pronoun to the correct human entity:

* she (pronoun) = developer (human entity)

4. Establish the gender of each human entity according to the pronoun:
* developer (human entity) = female
* designer (human entity) = male or female

5. Translate the sentence from English to Spanish:
Spanish: <BOS>La desarrolladora estaba enojada con el disefiador porque estaba
decepcionada con el diseno final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]
1. Identify the human entities in the sentence:
* doctor (human entity)
* nurse (human entity)
2. Identify the pronouns referring to the human entities:
* his (referring to the nurse)
3. Relate each pronoun to the correct human entity:

* his (pronoun) = nurse (human entity)

4. Establish the gender of each human entity according to the pronoun:
* doctor (human entity) = male or female
* nurse (human entity) = male

5. Translate the sentence from English to Spanish:
Spanish: <BOS>La doctora felicitdé al infermero diciendo que su asistencia fue
fantédstica.<EOS>
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[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<EOS> [/INST]
1. Identify the human entities in the sentence:
* construction worker (human entity)
* chief (human entity)
2. Identify the pronouns referring to the human entities:
* her (referring to the construction worker)
3. Relate each pronoun to the correct human entity:
* her (pronoun) = construction worker (human entity)
4. Establish the gender of each human entity according to the pronoun:
* construction worker (human entity) = female
* chief (human entity) = male or female
5. Translate the sentence from English to Spanish:
Spanish: <BOS>La trabajadora de la construccidn pidid al jefe un aumento de su
salario.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]
1. Identify the human entities in the sentence:
* carpenter (human entity)
* CEO (human entity)
2. Identify the pronouns referring to the human entities:
* she (referring to the CEO)
3. Relate each pronoun to the correct human entity:
* she (pronoun) = CEO (human entity)
4. Establish the gender of each human entity according to the pronoun:
* carpenter (human entity) = male or female
* CEO (human entity) = female
5. Translate the sentence from English to Spanish:
Spanish: <BOS>La carpintera preguntd a la directora general si le gustaban los
muebles nuevos.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
1.
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Prompt with 5-shot on invented Winograd examples and SHORT chain-of-thought prompting:

«SYS» Translate the following sentence from English to Catalan. Proceed step
by step. «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<EOS> [/INST]

"he" (M) — "the housekeeper" (Male) — "mestre de casa"

Catalan: <BOS>La productora va lliurar tomaquets al mestre de casa, perque els
necessitava per sopar.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she
was disappointed with the final design.<EOS> [/INST]

"she" (F) — "the developer" (Female) — "la desenvolupadora"

Catalan: <BOS>La desenvolupadora estava molesta amb el dissenyador perque
estava decebuda amb el disseny final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]

"his" (M) — "the nurse" (Male) — "l’infermer"

Catalan: <BOS>La doctora va felicitar a 1l’infermer dient que la seva
assistencia va ser fantastica.<EOS>

[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<E0S> [/INST]

"her" (F) — "the construction worker" (Female) — "la treballadora de la
construccid"

Catalan: <BOS>La treballadora de la construccid va demanar al cap un augment
del seu sou.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]

"she" (F) — "the CEO" (Female) — "la directora general"

Catalan: <BOS>La fustera l1li va preguntar a la directora general si 11
agradaven els mobles nous.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Catalan: <BOS>

137




«SYS» Translate the following sentence from English to Spanish. Proceed step
by step. «/SYS»

[INST] English: <BOS>The grower delivered tomatoes to the housekeeper, because
he needed them for dinner.<EOS> [/INST]

"he" (M) — "the housekeeper" (Male) — "amo de casa"

Spanish: <BOS>La productora entregd tomates al amo de casa, porque los
necesitaba para la cena.<EOS>

[INST] English: <BOS>The developer was upset with the designer because she
was disappointed with the final design.<EO0S> [/INST]

"she" (F) — "the developer" (Female) — "la desarrolladora"

Spanish: <BOS>La desarrolladora estaba enojada con el diseflador porque estaba
decepcionada con el disefio final.<EOS>

[INST] English: <BOS>The doctor congratulated the nurse saying his assistance
was great.<EOS> [/INST]

"his" (M) — "the nurse" (Male) — "el infermero"

Spanish: <BOS>La doctora felicitdé al infermero diciendo que su asistencia fue
fantastica.<EOS>

[INST] English: <BOS>The construction worker asked the chief for an increase
in her salary.<EOS> [/INST]

"her" (F) — "the construction worker" (Female) — "la trabajadora de la
construccidén"

Spanish: <BOS>La trabajadora de la construccidn pidid al jefe un aumento de su
salario.<EOS>

[INST] English: <BOS>The carpenter asked the CEO if she liked the new
furniture.<EOS> [/INST]

"she" (F) — "the CEO" (Female) — "la directora general"

Spanish: <BOS>La carpintera preguntd a la directora general si le gustaban los
muebles nuevos.<EOS>

[INST] English: <BOS> sentence_to_translate <EOS> [/INST]
Spanish: <BOS>
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H Invented Examples following Winograd structure

The subsequent sentences (with their respective translations) are the ones created during the crafting
of prompts. As you can see, they are characterized by containing more female representation and
anti-stereotypical content.

EXAMPLE 1:
— English: The grower delivered tomatoes to the housekeeper, because he needed them for dinner.
— Catalan: La productora va lliurar tomaquets al mestre de casa, perque els necessitava per sopar.

— Spanish: La productora entregd tomates al amo de casa, porque los necesitaba para la cena.

EXAMPLE 2:

— English: The developer was upset with the designer because she was disappointed with the final
design.

— Catalan: La desenvolupadora estava molesta amb el dissenyador perque estava decebuda amb el
disseny final.

— Spanish: La desarrolladora estaba enojada con el disefiador porque estaba decepcionada con el
disefio final.

EXAMPLE 3:
— English: The doctor congratulated the nurse saying his assistance was great.
— Catalan: La doctora va felicitar a [’infermer dient que la seva assisténcia va ser fantastica.

— Spanish: La doctora felicité al infermero diciendo que su asistencia fue fantastica.
EXAMPLE 4:

— English: The construction worker asked the chief for an increase in her salary.

— Catalan: La treballadora de la construccié va demanar al cap un augment del seu sou.

— Spanish: La trabajadora de la construccion pidié6 al jefe un aumento de su salario.
EXAMPLE 5:

— English: The carpenter asked the CEO if she liked the new furniture.

— Catalan: La fustera li va preguntar a la directora general si li agradaven els mobles nous.

— Spanish: La carpintera pregunt6 a la directora general si le gustaban los muebles nuevos.
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Abstract

With the usage of tremendous amounts of text
data for training powerful large language mod-
els such as ChatGPT, the issue of analysing and
securing data quality has become more pressing
than ever. Any biases, stereotypes and discrimi-
natory patterns that exist in the training data can
be reproduced, reinforced or broadly dissemi-
nated by the models in production. Therefore,
it is crucial to carefully select and monitor the
text data that is used as input to train the model.
Due to the vast amount of training data, this pro-
cess needs to be (at least partially) automated.
In this work, we introduce a novel approach for
automatically detecting gender discrimination
in text data on the actor level based on linguistic
discourse analysis. Specifically, we combine
existing information extraction (IE) techniques
to partly automate the qualitative research done
in linguistic discourse analysis. We focus on
two important steps: Identifying the respective
person-named-entity (an actor) and all forms it
is referred to (Nomination), and detecting the
characteristics it is ascribed (Predication). As
a proof of concept, we integrate these two steps
into a pipeline for automated text analysis. The
separate building blocks of the pipeline could
be flexibly adapted, extended, and scaled for
bigger datasets to accommodate a wide range
of usage scenarios and specific ML tasks or
help social scientists with analysis tasks. We
showcase and evaluate our approach on several
real and simulated exemplary texts.

1 Introduction

Ethical considerations as, e.g., formulated in the
UNESCO’s Recommendations on the Ethics of Ar-
tificial Intelligence, as well as emerging legislation
such as the EU Al Act, require that any Al system
adheres to fundamental values such as “the invio-
lable and inherent dignity of every human” (UN-
ESCO, 2022). Specifically, this demand also holds
true for systems based on large language models
(LLMs). This implies that systems based on LLMs

must carefully ensure that they do not reproduce,
reinforce or broadly disseminate any existing bi-
ases, stereotypes or other discriminatory patterns,
as this would violate the inherent human dignity.

However, LLMs are trained on existing data. If
this input data is pervaded by stereotypes, biases
and discrimination (as is often the case), the result-
ing model will reflect these discriminatory patterns.
Thus, if developers need to ensure that an LLM-
based system adheres to the ethical standards men-
tioned above, they can take one of two approaches:
filter the LLM’s output downstream to ensure that
it is free from discrimination — or purge the input
data from any discriminatory patterns, to ensure
that the LLM itself will be free from discrimination
in the first place.

Research on downstream gender bias mitiga-
tion in word embeddings by Gonen and Gold-
berg (2019) shows that downstream mitigation only
hides bias and does not remove it. Thus, the ef-
fective alternative is to address bias upstream by
selecting unbiased training data.

As the training corpora for LLMs need to be very
extensive, it is impossible to ensure their quality
manually. Therefore, technical means need to be
developed that automatically detect discrimination
in vast amounts of natural language texts.

What we read and see in media shapes our re-
ality (Lippmann, 1929). If we are surrounded by
bias and discrimination, we are likely to include
these in our reality and act on them. That explains
why media, notably text, plays an important role
in the striving for equality for all genders. By de-
tecting bias and especially discrimination against
particular genders, it is possible to be wary of these
texts and not distribute them. This is particularly
important when choosing training data for natural
language processing (NLP) tasks.

The term gender has at least three different no-
tations: the linguistic gender, sex, and the social
gender. The linguistic or grammatical gender can
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be defined as follows: “[...] grammatical gender
in the narrow sense, which involves a more or less
explicit correlation between nominal classes and
biological gender (sex).” (Janhunen, 2000). For
example, in German, nouns could be female, male,
or neutral. The sex, however, refers to a “biolog-
ical” notion of gender that is “binary, immutable
and physiological” (Keyes, 2018). This notion is
flawed because intersex humans do exist, as well
as trans-persons, thus refuting the binary and im-
mutable part of this notion. For our work, we use
the third notion, the social gender. This notion de-
fines gender as a social construct represented by
a person’s intentional and unintentional actions to
represent their gender and the reception of these
actions. Therefore, the social gender is non-binary,
flexible, and constructed by the person themselves
and the persons perceiving them (West and Zim-
merman, 1987; Devinney et al., 2022). We use
the terms woman for persons who can be read as
female-identifying, men for persons who can be
read as male-identifying, and non-binary for per-
sons who do not adhere to the before mentioned.

Bias against a particular gender entails discrimi-
nating against this gender. While bias contains all
notions and beliefs towards a person/group (Ma-
teo and Williams, 2020), (social) discrimination
is a more intentional act: an offender treats some-
one or a group of people differently in a negative
way, based on a specific feature of this person/-
group (Reisigl, 2017). Textual discrimination is a
special kind of (social) discrimination because the
offender is not always apparent.

Linguistics and sociology have studied discrim-
ination for over eighty years, mainly focusing on
racism in the early research (Myrdal et al., 1944;
Razran, 1950; Allport et al., 1954). During this
period, different definitions of discrimination were
defined, leading to different approaches for de-
tecting it. One of these approaches is linguistic
discourse analysis (LingDA), which inspects dis-
course to identify discriminating tendencies by
combining research from sociology and linguis-
tics (Bendel Larcher, 2015). Computational lin-
guistics integrates LingDA and computer science
into computational discourse analysis. So far, this
discipline concentrates on the quantitative parts
of LingDA, mostly focusing on coherence and co-
hesion (Dascalu, 2014). We concentrate on the
qualitative parts of LingDA and partly automate
the discrimination detection within the text.
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2 Problem Formulation and Goals

Existing approaches for automatic discrimination
detection often focus on identifying drastic word-
ing, which is relatively easy to detect by sim-
ple comparison with a database of discriminatory
terms. However, in many cases, textual discrim-
ination manifests more subtly, requiring a more
semantic approach to detect it.

To achieve our goal of automatically identifying
discrimination and biases in text, we seek to en-
hance computational discourse analysis (CompDA)
by integrating two fundamental, qualitative strate-
gies from linguistic discourse analysis for detecting
gender discrimination on the actor level: Identify-
ing the respective person named entity (an actor)
and all forms in which it is referred to (Nomina-
tion), and then detecting the traits, characteristics,
qualities, and features that are ascribed to this actor
(Predication). By focusing on actors, we aim to
reveal even subtle gender-specific discrimination.
Furthermore, we can analyse the text’s meaning on
a deeper level.

To automatically process large amounts of in-
put text data, we implement a pipeline for auto-
mated text analysis that integrates nomination and
predication by using IE techniques (cf. Figure 1).
Specifically, as a first step, we identify nominations
by extracting the actors and detecting their pro-
nouns. Second, we extract the predication of these
actors and finally use the extracted information to
analyse the whole text for discrimination. By en-
suring a modular structure built from exchangeable
components, we aim to make our pipeline flexibly
adaptable, accommodating a wide range of usage
scenarios and specific ML tasks. For example, the
pipeline should be able to scale from single texts
to a whole corpus, process different languages, and
focus on different criteria, thus reflecting cultural
differences.

Finally, we evaluate our approach and implemen-
tation by analysing several sample texts, two real-
world examples, and three generated texts, and dis-
cuss the discrimination markers identified in these
samples.

3 Background

This work combines qualitative research on
LingDA with IE, thus enhancing quantitative Com-
pDA methods for detecting gender discrimination
in text. Discrimination is a form of bias. We define
discrimination and its relation to bias.



Gender
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Actor Extraction

Y

Approximation

»|Predication Extraction
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Figure 1: Visualisation of the flexible and language agnostic pipeline introduced in this work.

3.1 Linguistic Discourse Analysis

In LingDA, discourse is defined as a collection
of text about a topic relevant to society (Ben-
del Larcher, 2015). This contrasts with computa-
tional linguistics, which defines discourse as “any
multi-sentence text (Grishman, 1986). The focus
of LingDA is the so-called actor. Actors are the
entities in a text that perform some action. Actors
can be individuals, groups, institutions, or organi-
sations (Spitzmiiller and Warnke, 2011).

Discourse is normally analysed on the corpus
level as an extension of text linguistics that analyses
single texts (Niehr, 2014). For our work, we con-
centrate on the level of single texts, especially on
written text, potentially extending the approach to a
whole corpus in future work. In this work, we disre-
gard multimodal media, conversations, and pictures
in general to scope our research. When analysing
texts, Bendel Larcher (2015) points out that the
nomination and predication is one of six aspects
that should be considered. Nomination comprises
how and what an actor in a text is named (Knobloch,
1996). The predication of the actor is what the text
conveys about traits, characteristics, qualities, and
features ascribed to this actor (Kamlah and Loren-
zen, 1996).

When detecting nomination, the following as-
pects could be considered (Bendel Larcher, 2015):

1. Proper Names: Are actors referred to with
their full name, surname, or just the first
name?

2. Generic Names: When actors are not re-
ferred to by their proper names but with
generic terms. Reisigl (2017) lists the follow-
ing categories of problematic generic names:
Negatively annotated general descriptions,
ethnonyms, metaphorical slurs, animalistic
metaphors, proper names used for a general
description, and referring to an actor by their
relation to someone else.

3. Pronouns: Pronouns can distance oneself
from others (we vs. them), which is the basis
for treating someone differently. Furthermore,
using the wrong pronouns for someone (mis-
gendering) is a clear aggression. Using the

“generic masculine” in gendered languages
like German can be considered problematic.
Women and non-binary people are not directly
addressed but are “included” in the word’s
meaning. Therefore, women and non-binary
people are not represented by the language.

4. Deagentification: The actor of the text is

not named. The text only generally describes
what is happening without giving credit to the
person.

The predication detection analyses the text for
characteristics, features, and qualities attributed
to an actor. These can convey stereotypes and bi-
ases that can be extracted by looking at the fol-
lowing grammatical indicators (Reisigl, 2017; Ben-
del Larcher, 2015):

* Attributes: e.g. skinny, bright

* Prepositional Attributes: e.g. the professor

living in Munich

* Collocations e.g. working mom

* Relative Clauses e.g. the tennis player who

has a nice dress

For this work, we focus on indicators of discrim-
ination based on the actor’s gender.

3.2 Computational Discourse Analysis

CompDA focuses on the analysis of cohesion and
coherence. Cohesion describes how sentences are
grammatically and lexically linked together to re-
flect the status of an actor through discourse. Typ-
ical methods include topics, coreferencing, and
lexical and semantic word relatedness from on-
tologies. CompDA differentiates between refer-
ential cohesion (how often words, concepts, and
phrases are repeated or related through the text) and
causal cohesion (explicit use of connectives) (Das-
calu, 2014). Coherence addresses the “continuity
of senses” (De Beaugrande and Dressler, 1981)
throughout the text. In other words, coherence
conveys to the reader that the text is semantically
connected. Dascalu (2014) distinguishes informa-
tional level coherence (causal relations between
utterances, lexical chains, and centring theory) and
intentional level coherence (tracing of the changes
in the mental state of the discourse participants
during the discourse).
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Our approach combines cohesion and coherence
by analysing the text using methods used in co-
hesion analysis to track actors (and their states)
throughout the text.

3.3 Bias and Discrimination

Text can contain a lot of problematic properties
regarding gender. The most problematic ones are
biases and discrimination. However, also insults,
defamation or misinformation should be avoided.

Mateo and Williams (2020) define bias as fol-
lows: “Biases are preconceived notions based on
beliefs, attitudes, and/or stereotypes about people
pertaining to certain social categories that can
be implicit or explicit.””. They continue that dis-
crimination is the manifestation of biases through
behaviour and actions. Reisigl (2017) has a clearer
definition of discrimination: *“[...] social discrim-
ination occurs when someone disadvantages or
favours (i.e., treats unequally) a particular group
or members of that group through a linguistic or
other act or process, in comparison to someone
else and on the basis of a particular distinguishing
characteristic (such as an alleged ‘race’ or ‘sexual
orientation’).” leading to the following five parts
of discrimination:

1. Offender

2. Victim (beneficiary in case of ‘positive dis-
crimination’)

Disadvantaging (or favouring) act, process
Comparison group that is treated differently

5. Distinguishing feature on which the disadvan-

taging or favouring is grounded

Discrimination in written text is a manifestation
of social discrimination. We consider discrimina-
tion as the manifestation of biases. Therefore, we
consider the author of the text as the offender, and
the victim is an actor of the text. The feature that
distinguishes the victim from its comparison group
is their gender. To scope our work, we only explore
gender discrimination, even though we are aware
that other kinds of discrimination, especially the
intersection of different kinds of discrimination,
exist and should not be part of NLP training data
or other text. We extract the disadvantaging ac-
t/process from the text by quantifying differences
between genders using LingDA and IE.

In manual LingDA researchers focus on the con-
text of a text: was it released for a specific group
of people from a specific kind of people? In the
proper context, some kind of language that is of-
fensive outside a group is acceptable if it is uttered

Sl

by one person of a group towards another person
of this group if it has an in-group context. Fur-
thermore, some texts are seen as products of their
time and represent the social norms of these times.
However, when training NLP models, the context
of a text is lost. The models learn equally on all
text data. Therefore, we always have to assume
an out-group context and the current social norms
when evaluating textual data for training purposes.
Not removing discrimination and biases from
training data leads to representational harms: gen-
der stereotypes are spread in generated texts and,
therefore, hardened in readers’ minds. This harms
all genders. Furthermore, not representing non-
binary individuals in text generated by large lan-
guage models (LLM) decreases their visibility.
However, non-binary individuals are a part of our
world and should be visible in LLM-generated
texts. A text corpus not containing non-binary rep-
resentation can not be considered balanced.

3.4 Information Extraction

IE locates predefined information in natural lan-
guage text. According to Grishman (2015), the
following steps are performed during IE (not nec-
essarily in the order mentioned):

1. Named Entity Recognition: extraction of
entities with proper names (persons, organisa-
tions, places, or suchlike)

2. Syntactic Analysis: extraction of syntactic
information from sentences and tokenisation

3. Coreference Resolution: combining several
mentions of an entity into one (e. g. a text
mentions Dr. Ruth Harriet Bleier, further men-
tions may take the form of “Dr. Bleier”, “Ms.
Bleier”, “R. H. Bleier”, “R. B.” or “she”) (we
also add generic names to form the full nomi-
nation of an actor)

4. Semantic Analysis: extracting relations be-
tween entities and mapping of sentences con-
taining an entity to this entity (predication of
an actor)

5. Resolution of Cross-Document Corefer-
ences: coreferencing an entity through several
documents (We are not exploring this step in
this work.)

4 Methodical Approach

Our analysis pipeline can be subdivided into four
consecutive steps that build on each other (cf. Fig-
ure 1): The first task is to extract the actors, fol-
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lowed by a gender approximation for each actor. In
these steps, we save the nomination of each actor
in our knowledge base. The third step expands the
knowledge base with the predication of each actor
detected in step one. As the fourth and final step of
the pipeline, we analyse the extracted information
for potential discrimination.

4.1 Nomination

The nomination process starts with the tokenisation
of the text. No further preprocessing is applied to
retain the full semantic meaning of the text. Subse-
quently, the dependency trees are parsed for each
sentence. Therefore, each token is annotated with
its relation to its semantic neighbours and its part
of speech. All tokens that are proper nouns are
analysed using named entity recognition (NER).
Person entities are the actors of the text. As ac-
tors are mentioned more than once in a text, it is
essential to coreference all mentions of the same
actor. Coreferencing combines all references of
one actor (this can be done in one text or the whole
corpus). Therefore, the full name of an actor is
matched to its name parts (e.g. first name, last
name, last name, and abbreviations of first name),
pronouns, and titles. In less formal settings, actors
are referred to by generic names. These are not
detected as proper nouns during NER. Therefore,
generic names must be detected in an additional
step and coreferenced with actors. We use a list of
commonly used generic names to detect the generic
names. All coreferenced entities and pronouns are
the nomination of the actor. These are saved into a
knowledge base using the same key for later use.
Every actor in the knowledge base is assigned
one of the following gendered entries: woman,
man, non-binary, unknown. The gendered entry
is assigned by pronouns in the actor nomination.

4.2 Predication

The predication analyses what is ascribed to an ac-
tor. Ideally, the predication should only contain
text that describes an actor. If a sentence contains
more than one actor, this sentence should be split
and matched accordingly. Furthermore, if an actor
describes another actor, the sentence should only
match the described actor and not the active one.
For our proof of concept implementation, we sim-
plify the sentence-matching process and assign a
sentence to an actor if the actor is contained in
this sentence. The predication is also stored in the
knowledge base.

4.3 Discrimination Detection

We analyse the nomination for common derogatory
terms for each entry in the knowledge base. To
scope the research, we only use lists of derogatory
terms referring to women, men, and transgender
people'. For all predication sentences, the senti-
ment of the sentence is computed. Furthermore, the
predication is analysed for feminine-coded words
and masculine-coded words”. The authors show
that women are associated with communal traits
and men with more agency-related terms. Overus-
ing gender-coded language can embed stereotypes.
Using the computed information, we compile a dis-
crimination report. For detailed report components,
see Section 5.3.

5 Implementation and Validation

As mentioned in Section 4, we start by collecting
the nomination of actors and subsequently enhance
our knowledge base with the predication of the
actors. The content of the knowledge base is sub-
sequently analysed for discrimination and biases?.

The code for our pipeline can be found on GitHub*.

5.1 Nomination

SpaCy can perform tokenisation, dependency pars-
ing, part of speech tagging, and named entity recog-
nition out of the box. The named entity recognition
can detect all actors in the text. When manually
evaluating the results of our pipeline in the sample
texts, we found that one actor’s name was not clas-
sified as a person. Still, the error was not severe
enough to justify changing libraries. We use the
person entities as seed for the nomination.

In the first step, we extract all compounds of an
actor’s name; the head element of the compound
is used as a key in a dictionary of actors. In a text

'derogatory  terms  were collected from the
following websites (accessed on  2024-05-08):
https://en.wikipedia.org/wiki/Category:
Pejorative_terms_for_women, https://en.wikipedia.
org/wiki/Category:Pejorative_terms_for_men,
https://genderkit.org.uk/slurs/, https://en.
wiktionary.org/wiki/Category:English_swear_words

2We use the lists of feminine/masculine coded words
as found on the gender decoder website https://
gender-decoder.katmatfield. com/about, which is based
on work from Gaucher et al. (Gaucher et al., 2011)

*We use Python (version 3.9.18) and the NLP library
SpaCy (Honnibal and Montani, 2017) in version 3.7.2, in com-
bination with the en_core_web_lg model, for our experiments.
Furthermore, we use the packages coreferee (version 1.4.1)
and spacytextblob (version 4.0.0).

4https: //github.com/Ognatai/nomination_
predication
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about Bill Clinton, the key Bill Clinton contains
the values Bill Clinton, Clinton, President,
and unexpectedly trail. We can also extract titles;
for example, the key Kirsten Gillibrand con-
tains the values Sen. and Kirsten Gillibrand.
This implementation combines all actors with the
same first or last names into one nomination.

In the second step, keys that are part of the value
of another key are merged into the other key. Thus,
all nomination keys are full names (if the actor is
mentioned with their last name; otherwise, the key
is a first name), and first names and last names are
assumed to be unambiguous. These nominations
are extended by a list of generic names found in
the text and not coreferenced to other actors.

We determine the pronouns and, therefore, ap-
proximate the gender of the actors by using
coreferee. This package references pronouns to
actors. Unfortunately, coreferee has problems
identifying gender-neutral/non-binary pronouns. In
two of three test texts, it cannot detect the non-
binary actors. Due to the lack of better-performing
packages, we use coreferee nonetheless. Ac-
tors are assigned woman or man if the majority
(at least 70%) of used pronouns refer to one of
these gendered entries (we use a majority of at
least five pronouns to be able to react to software
problems stemming from the matching algorithm
of coreferee). A non-binary entry is only as-
signed if gender-neutral/non-binary pronouns are
used consistently. Otherwise, the gender is listed
as unknown.

The last step of the nomination detection is to
combine all information into a knowledge base
stored as a pandas (pandas development team,
2023) data frame.

5.2 Predication

In the predication phase, the knowledge base is
extended by all sentences that mention the corre-
sponding actor. Each token object contains infor-
mation about its position in the text. Therefore, we
generate a text span with the size of the token and
obtain the sentence that includes the text span of
the token. Duplicates within one actor are removed.
If a sentence contains more than one actor, this
sentence is matched to all contained actors.

5.3 Discrimination Detection

For the discrimination detection, we extend the
knowledge base by the sentiment of each pred-
ication sentence and the gender-coded words

used in the predication. We use the pack-
age spacytextblob®, which builds upon the
textblob® library, to assign a value between -1
(very negative sentiment) and 1 (very positive sen-
timent) to each sentence. The sentiment analysis
utilises a naive Bayes classifier trained on movie
reviews. To detect gender-coded words, we use a
list of feminine-coded and masculine-coded word
stems by Gaucher et al. (2011) and test if these
stems occur in the predication. We create a discrim-
ination report for a text, building on the information
of the knowledge base we created for this text. The
report contains the following information:
 count of woman, man, non-binary, and unde-
fined actors overall and per actor
 count of woman, man, non-binary, and unde-
fined actor mentions overall and per actor
* sentiment towards woman, man, non-binary,
and undefined actors overall and per actor
e count of feminine-coded words and
masculine-coded words in the actor pred-
ication of woman, man, non-binary, and
undefined actors overall and per actor
¢ abusive words used for woman, man, non-
binary, and undefined actors and overall

5.4 Validation

Most NLP tasks like hate speech detection or senti-
ment analysis tend to utilise short utterances, like
tweets or social media posts, for training purposes.
In contrast, our approach aims to analyse longer
texts like news articles or blog posts that describe
one Or more persons.

For testing our pipeline, we generate three texts
with ChatGPT (OpenAl, 2023) that contain sev-
eral actors, with at least one respectively using
feminine, masculine, or gender-neutral/non-binary
pronouns. All these actors have a full name and
interact with each other. The content of all three
generated texts is rather generic and not biased. We
generated these texts mainly to test the pipeline on
non-binary actors, but we do not further discuss
the results of these texts because of their generic
nature’. Instead, we collected texts about Bill and
Hillary Clinton from Fox News?.

The Hillary Clinton text describes Hillary Clin-

5https: //spacy.io/universe/project/
spacy-textblob

6https: //textblob.readthedocs.io/en/dev/

7All text are available on GitHub: https://github.com/
Ognatai/nomination_predication

8https://www.foxnews.com/
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ton’s controversial statement that Trump followers
should be ‘deprogrammed’ and reactions to this
statement. The Bill Clinton text details how Bill
Clinton “reemerges as Democrat surrogate after

being silenced by #MeToo movement” .’

We use our pipeline on these texts and compare
the results by manually checking the corresponding
texts for the correctness of the results.

The pipeline can detect all actors contained in the
texts. Only the texts generated with ChatGPT con-
tain non-binary actors. When analysing these texts,
we found that coreferee has problems matching
gender-neutral/non-binary pronouns to actors. Non-
binary actors are detected in only one of three texts.
Otherwise, our pipeline can mainly match the cor-
rect pronouns to the corresponding actor. We en-
counter problems in the text about Hillary Clinton.
Here, coreferee has problems matching a pro-
noun from a partial sentence to one of the three
actors mentioned before.

To count the mentions of each actor, we count all
entries in the nomination and pronoun columns of
the knowledge base. This leads to a minor problem
since titles are not part of the name token and are
counted as additional mentions. In our test data,
this behaviour leads to one to two additional men-
tions per actor. In a future version of the pipeline,
this behaviour will be fixed. Figure 2a and Figure
2b shows how many actors of a specific gender are
part of the text and how often actors of a specific
gender are mentioned throughout the text. Both
texts do not contain non-binary actors. Interest-
ingly, in the text about Hillary Clinton (Figure 2a,
we detect four women (mentioned 38 times) and
one man (mentioned 26 times). However, of the 38
women mentioned, Hillary Clinton is mentioned 26
times. Therefore, Donald Trump, the only recog-
nised man, is mentioned as often in a text about
Hillary Clinton as Hillary Clinton herself. How-
ever, the text describes how Hillary Clinton criti-
cises Donald Trump’s followers; therefore, many
mentions make sense. In the text about Bill Clinton
(Figure 2b, we detect four men, which are men-
tioned 45 times; 35 are mentions of Bill Clinton.

The sentiment analysis we use in our pipeline
encounters problems when used for news articles.
Figure 3b shows a moderately negative sentiment
for Henry Cuellar and Michelle Vallejo which
refers to the sentence “During the trip, Clinton will

°All text are available on GitHub: https://github.com/
Ognatai/nomination_predication
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Figure 2: Comparison of how often actors of a certain
gender occur in the text and how often actors of a certain
gender are mentioned. Both texts do not contain non-
binary actors.

rally with Rep. Henry Cuellar and Democratic can-
didate Michelle Vallejo — each of whom is locked
in a difficult contest with Republicans.” The sen-
tence has a very neutral tone. In contrast, the model
detects almost no negative sentiments in the text
about Hillary Clinton (see Figure 3a. However, the
predication of Hillary Clinton contains the follow-
ing sentences: “Sen. Marsha Blackburn, R-Tenn.,
posted to X, “Hillary Clinton wants Trump sup-
porters to be formally reeducated., Independent
Jjournalist Glenn Greenwald shredded Clinton over
the comments, saying, “As she gets increasingly
bitter about her 2016 defeat — even when you think
there’s no way she can — Hillary Clinton is more
and more the liberal id: she just spews what liber-
als really think and feel but know not to say., Clin-
ton’s 'deprogramming’ hopes for Trump supporters
a long shot in the era of political silos Clinton has
had sharp words for Trump supporters over the
years, once calling them 'deplorables’.” The sen-
tence contains a negative sentiment towards Hillary
Clinton, but spacyblob cannot detect those neg-
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ative sentiments. These examples showcase that
the language used in news articles is too different
from that used in movie reviews (which are one of
the standard sources of training data for sentiment
analysis approaches). Therefore, it is impossible to
use a model trained on movie reviews for every do-
main; in future work, a domain-specific sentiment
model will be utilised.

1.00
gender
s unknown

woman
E man

0.25 4

0.00 | N —

sentiment

—0.25 +

—0.50 1

—0.75 4

—1.00

Matthew Dempsey
Christiane Amanpour {
Donald Trump
Robbie Verhaus |
Marsha Blackburn {
Hillary Clinton

Byron Donalds
Mollie Hemingway -
Josh Hawley

Glenn Greenwald

(a) Text about Hillary Clinton..

gender
HEEE man
unknown
. woman

0.75 A

0.50 4
0.25 A I
0.00 J.

=0.25 4

sentiment

—0.50 4

—0.75 +

—1.00

Bill Clinton
Kathy Hochul
Biden

Josh Gottheimer
Henry Cuellar
Michelle Vallejo
Monica Lewinsky
Pramila Jayapal
Kirsten Gillibrand {
Brad Bannon
Donald Trump -
Brett Kavanaugh
Jeffrey Epstein J
Colin Strother 4
women -|

men -

(b) Text about Bill Clinton.

Figure 3: Visualisation about the sentiments towards
certain actors. Both texts do not contain non-binary
actors.

In all texts, gender-coded words are rarely used.
Both “real-world” texts contain a few feminine-
coded words (Bill Clinton: 1, Hillary Clinton: 6)
but no masculine-coded ones. Nevertheless, these
could be an interesting feature if used for the whole
corpus. We have a very explicit list of abusive
words, but none are used in our sample texts. This
list should be exchanged with domain-specific hate
speech detection.

6 Discussion

Our method shows promising first results, even on
our limited test data.

6.1 Strengths

Our pipeline can detect how different actors in a
text are described. By approximating the gender of
the actors, we can analyse if the text differentiates
between genders and discriminates against a partic-
ular gender. Texts with very negative sentiments to-
wards certain genders could then be excluded from
model training, for instance. Our pipeline differen-
tiates from other discrimination detection methods
by focusing on actors and not the text as a whole.
Therefore, it is possible to detect more subtle dis-
crimination. Our pipeline is modular and, there-
fore, flexible. Single modules can be exchanged for
domain-specific modules, and the pipeline can be
extended anytime. Other discrimination detection
approaches like hate speech detection or word lists
can be included. The flexibility of the pipeline of-
fers the possibility of even changing the languages
of the texts analysed. Our proof of concept ver-
ifies the assumption that we can partly automate
the qualitative parts of linguistic discourse analy-
sis. Our discrimination report helps, for example,
social scientists to decide if a text may contain dis-
crimination or biases. This pipeline will be scaled
to the corpus level to fully analyse the discourse
within the corpus.

6.2 Limitations

Our proof-of-concept pipeline is tailored to detect
actors in text. We cannot analyse the text if the text
does not describe specific actors but a general situa-
tion. We combine actors with the same first and/or
last name into one and do not coreference generic
nominations to already detected actors. The predi-
cation should only consider text parts that attribute
something to an actor. Currently, we use all sen-
tences that contain the actor. If a sentence contains
more than one actor, we match this sentence to
all actors instead of doing an in-depth analysis of
which parts of the sentence could belong to which
actor. This also affects the sentiment analysis. A
sentence containing an actor is not always a sen-
tence containing a sentiment towards this actor. An-
other source of limitations is the general-purpose
models we use in our pipeline. These are not tai-
lored to the domain of news articles, leading to a
sub-optimal performance. These general-purpose
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models also have problems in detecting gender-
neutral/non-binary pronouns.

7 Conclusion and Future Work

In this work, we build a flexible pipeline to anal-
yse newspaper articles and blog posts about people.
We use linguistic methods to detect how actors are
described within a text. In contrast to common dis-
crimination detection methods, we do not treat the
whole text as one object. By focusing on actors and
the gender of the actors, we can do more nuanced
text analyses that can detect subtle discrimination
on a gender basis. First, limited tests on newspa-
per articles show that we can detect how actors are
treated differently, depending on their gender. The
first proof-of-concept pipeline implementation has
some limitations that will be addressed in future
work.

Other future work includes using the pipeline
in different languages, such as German. Further-
more, instead of analysing one text at a time, we
will scale the input to several documents, analysing
complete corpora. We will also experiment with
different pipeline components, for example, ex-
changing the simplistic abusive language detection
with a sophisticated hate-speech detection or coref-
erencing detected actors with real-world actors to
detect their pronouns. As today’s discourse is not
only written, analysis of multi-modal data might
also be an interesting endeavour.

Ethical Consideration Statement

Defining discrimination for LLM training data
means defining the value system for internationally
used systems, but we do not share one common
international value system. We can all agree on
international human rights. However, an LLM also
generates texts containing opinions about religion,
race, gender, and sexual orientation. There are cur-
rently no common international values regarding
these topics. As computer scientists, we define the
values and opinions that our systems should convey.
However, we are only able to adhere to our value
system. Therefore, it is essential to work in diverse
teams. The author team enriches their perspective
by discussing our research with researchers from
fields outside of computer science and from dif-
ferent cultural backgrounds. Our team consists of
white Western European researchers. Three of us
identify as women, representing the feminine and
masculine gender spectrum but not the non-binary.

Nevertheless, our group’s diversity helps analyse
gender-specific discrimination. Our understanding
of discrimination stems from the system of beliefs
and values based on Western European culture.
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Abstract

Authorship Profiling (AP) aims to predict the
demographic attributes (such as gender and
age) of authors based on their writing styles.
Ever-improving models mean that this task is
gaining interest and application possibilities.
However, with greater use also comes the risk
that authors are misclassified more frequently,
and it remains unclear to what extent the better
models can capture the bias and who is affected
by the models’ mistakes. In this paper, we in-
vestigate three established datasets for AP as
well as classical and neural classifiers for this
task. Our analyses show that it is often possi-
ble to predict the demographic information of
the authors based on textual features. However,
some features learned by the models are spe-
cific to datasets. Moreover, models are prone
to errors based on stereotypes associated with
topical bias.

1 Introduction

Authorship Profiling (AP) aims to identify au-
thors’ demographic characteristics through their
writing style. In recent years, this task has polar-
ized the NLP community. On the one side, re-
searchers emphasize the potential of AP for com-
putational social science applications, where pre-
dicting who wrote given texts can enrich analyses
of data that lacks explicit demographic informa-
tion (Morales Sanchez et al., 2022; Deutsch and
Paraboni, 2023). Such additional automatically
predicted attributes could allow for uncovering de-
mographic patterns in societal trends, political ide-
ologies, or cultural shifts. The automatic prediction
of such attributes may also be helpful to other prac-
tical applications, such as forensics, abuse detec-
tion, and marketing (Mukhopadhyay et al., 2021;
Bugueiio and Mendoza, 2020; Mishra et al., 2018;
Abdul-Mageed et al., 2019). As a result, the major-
ity of work on AP is motivated by these practical
applications and focuses primarily on improving

model performance (Cheng et al., 2009; Pardo and
Rosso, 2016; Soler-Company and Wanner, 2018;
Fabien et al., 2020, among others).

On the other side, researchers are alarmed by the
potential societal harm that AP models can cause.
Firstly, these tools come with the risk of privacy
breaches and the dangers of using authors’ features
without their consent (Emmery et al., 2022; Lar-
son, 2017). Secondly, the AP tasks and datasets
commonly understate complexity of how demo-
graphic characteristics relate to the language pro-
duction. For example, gender, one of the most
frequently predicted demographic traits, is often an-
alyzed in isolation from other related features like
age (HaCohen-Kerner, 2022) and oversimplified
(Koolen and van Cranenburgh, 2017). AP models
traditionally treat gender as a binary variable and
lack reflection on the spectrum of gender identities,
potentially leading to reinforcing stereotypes and
misrepresentations (Dev et al., 2021). Finally, mis-
classifying people can lead to feelings of exclusion,
negatively affecting individuals’ self-esteem and
confidence (Fosch-Villaronga et al., 2021).

To move forward, it is essential to reach a con-
sensus regarding the circumstances necessitating
the deployment of AP models. Fundamental to this
process is a thorough understanding of what these
models learn, what type of biases they capture, and
who is affected by their errors. To this end, this
paper examines the core assumption underlying
the majority of research motivated by the practical
applications of AP: that demographically related
signals are comparable across datasets. With a
focus on gender and age — two demographic fea-
tures that are strongly interrelated — we explore
the extent to which writing styles are consistent
and transferable across datasets. Our work centers
around three core research questions:

1. What is the accuracy of standard classifiers for
gender and age prediction, and to what extent does
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it change in cross-domain applications?

We train classical and neural classifiers on two well-
established datasets from two domains: online con-
versations and blog posts, and two languages: En-
glish and Spanish. Our findings indicate that neural
classifiers have only a modest advantage when pre-
dicting gender and age. Moreover, the performance
of all classifiers drops close to the majority baseline
in cross-domain applications (§5).

2. Are the writing styles of authors consistent
across datasets and languages?

We perform a statistical analysis of authors’ writing
styles to uncover that gender and age differences
found in one dataset are not fully reproducible
within another. The finding is consistent across
domains as well as languages (§6).

3. How do topics affect AP performance?

Finally, we ask what information the AP models
capture. We find that while topical signs alone are
inadequate for effectively modeling demographic
features, they influence models’ behavior: misclas-
sifications appear commonly in topics predomi-
nantly addressed by one demographic group (§7).

The contributions of our paper are twofold.
Firstly, we provide methodological insights into
AP classifiers, challenging the practical usefulness
of these tools, especially in cross-dataset settings.
Secondly, we add empirical evidence to the discus-
sion on the need to take the AP results with caution.
Otherwise, the potential risks of marginalizing and
misrepresenting certain demographic groups are
disregarded, leading to biases and discrimination
(Zuiderveen Borgesius et al., 2018).

2 Bias Statement

Our work examines the behavior of AP models,
focusing on how models predict gender and age
across domains. We specifically define gender bias
as a notable difference in prediction of an author’s
gender based on topic preference or writing style.
In parts, such differences can be explained by the
underlying training data used by AP models. For
example, Bamman et al. (2014) observe that male
authors tend to use named entities at a higher rate
in their writing compared to female authors, a phe-
nomenon also related to topic choices that are rich
in named entities, such as specific hobbies or ca-
reer paths. Despite such insights, approaches to
author profiling sometimes rely only on style-based
features and overlook topical differences. We ex-

amine the impact regarding gender bias by testing
how likely AP models mispredict gender when au-
thors write about topics typically associated with
another gender. For example, male authors dis-
cussing shopping-related topics may be mispre-
dicted as female. This indicates that the model
picks up on topics stereotypically associated with
one gender and performs inadequately when au-
thors from another gender engage with those same
topics, which may cause representational harms
(Blodgett et al., 2020). Moreover, biases of AP
models can easily be misinterpreted as general dif-
ferences in gender or age, leading to an issue of
reinforcing stereotypes.

Our work is grounded in the belief that uncover-
ing biases is crucial for developing equitable NLP
applications. We acknowledge as a main limitation
that all data used in this work assumes a binary
gender framework. Therefore, our analyses may
not fully capture the complexities and nuances of
gender identity. Future work should aim to include
more inclusive and representative data to better
understand and address gender bias in AP models.

3 Related Work

Previous work can be roughly divided into three
categories: work on the task of authorship profiling
itself (§3.1), sociolinguistic studies of stereotypes
and gender differences (§3.2) as well as efforts to
model or counteract (topical) biases (§3.3).

3.1 Aauthorship Profiling

The earliest automated AP task was performed on
a subset of British National Corpus (BNC) using
a combination of function words and n-grams of
POS tags as features (Koppel et al., 2002) . Later
work focused on English blog posts, where gender
prediction was addressed with improved feature se-
lection and machine learning methods (Mukherjee
and Liu, 2010, inter alia). According to a recent
survey, accuracy for gender prediction varies across
publications from 52% to 91% (HaCohen-Kerner,
2022). Authors suggest that this large variance
might be caused by different factors, including text
genres, age groups, and types of applied classifiers.
For example, Ceccucci et al. (2013) find that fe-
male authors compose longer text messages, but
this finding does not seem to generalize to blog
posts. Regarding literary texts, a recent finding by
Lettieri et al. (2023) suggests that women tend to
employ more positive words than men, also imply-
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ing a correlation between sentiment and the authors’
gender. In general, however, there is little consis-
tency regarding high-accuracy phenomena for gen-
der prediction, suggesting that differences in terms
of online writing could largely be dependent on the
respective datasets. For instance, Alvarez-Carmona
et al. (2015) achieve accuracy of 91% using lib-
linear SVM on PANI15 datasets, but the number
drops to 81.72% on a Twitter dataset (Pizarro,
2019). Therefore, by identifying which features
and models do (not) generalize across datasets, we
address a major gap in existing research.

3.2 Sociolinguistic Analyses and Gender

AP builds directly on the stylometry, sociolinguis-
tics, and theoretical issues in demographic differ-
ences in writing (Koolen and van Cranenburgh,
2017; Xia, 2013). Empirically, gender has been
shown to be a main characteristic for categoriza-
tion (Rudman and Glick, 2021) and linguistic differ-
ences have been observed across various datasets
and domains (Leech et al., 1992; Baker, 2014; Arg-
amon et al., 2003, 2007), ranging from scientific
articles (Bergsma et al., 2012), political discussions
(Hu and Kearney, 2021), to contemporary fiction
(Dahllof, 2023). Though prominent, these differ-
ences cannot be simply attributed to gender alone,
as the contexts in which people communicate often
limit their language use (Baker, 2014). Cameron
(1997) critiques the traditional view of gender as
a fixed characteristic that explains behaviors. She
advocates for understanding gender as something
that needs to be explained in its own right, sug-
gesting that gender is constructed, performed, and
enacted in social contexts rather than being a nat-
ural, unchangeable attribute that determines how
individuals act. However, this does not mean to
deny the existence of gender differences, but rather
to provide more insights on proceeding with such
types of differences related to languages with more
caution (Koolen and van Cranenburgh, 2017; Liu
et al., 2021). Because what comes along with such
differences is the issue of oversimplification and
stereotyping (Bing, Janet and Bergvall, 1998). For
AP models, the interpretation of the correlations
between demographic groups and style/content fea-
tures is beneficial for researchers to learn the poten-
tial pattern that a model might learn. One should
however be careful to avoid over-generalization.

3.3 Topical Bias

Topical bias is another contextual factor that af-
fects profiling demographic differences in writ-
ing. Works in authorship attribution and authorship
verification have pointed out that topical prefer-
ence will lead to errors when the topics shifts (Hu
et al., 2023). Similarly in AP, it was demonstrated
that the choice of topics by female and male au-
thors can exhibit significant differences (Verhoeven
et al., 2017). For instance, women tend to gravitate
toward themes of relationships and connections,
while men tend to focus on topics related to poli-
tics and hierarchy (Bischoping, 1993). Measures
proposed to mitigate the effects of topics include
topic-independent features (Litvinova et al., 2018),
topic-debiased representations (Hu et al., 2023),
and explicitly considering errors made by author-
ship attribution models regarding topics (Altakrori
et al., 2021). Though this work does not focus
on topic debiasing, we also include an analysis
on interactions between topics and demographic
predictions by AP models.

4 Data

We use two well-explored datasets of texts anno-
tated with self-reported gender and age of their au-
thors — PAN13 and BLOG. We select datasets that
are fundamental to the AP research field: PAN13,
used in the first PAN-AP shared task, and BLOG,
used in the earliest work for studying gender effect
on texts).

PAN13 originates from a shared task on plagia-
rism detection, authorship verification, and author-
ship identification (Rangel et al., 2013). It in-
cludes conversations in two languages: English
(referred to as PAN13-EN), comprising a total of
283,240 conversations and Spanish (PAN13-ES),
with 90,860 conversations. The dataset includes a
variety of topics to reflect real-world usage and
complexity, with an emphasis on everyday lan-
guage in social media.

In the data preparation step, we exclude posts
from authors who pretend to be minors.! Both En-
glish and Spanish datasets come with the training
and test split. To ensure a comparable analysis
across languages, we downsample the training part
of the English dataset so that it has the same num-
ber of samples as Spanish (we do not alter test
parts). Table 5 in Appendix A gives data statistics.

'Information comes from the names of the files.
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Gender Age
PAN13-EN PANI13-ES BLOG PAN13-EN PANI3-ES BLOG

Majority 0.50 0.50 0.50 0.36 0.56 0.33
LR 0.60 0.67 0.76 0.56 0.67 0.69
DT 0.54 0.56 0.63 0.52 0.55 0.52
RF 0.58 0.59 0.65 0.52 0.61 0.56
NB 0.53 0.55 0.61 0.43 0.44 0.53
BERT 0.61 0.72 0.76 0.59 0.68 0.67
RoBERTa 0.64 0.71 0.79 0.65 0.67 0.76
XLNet 0.60 - 0.77 0.64 - 0.72

Table 1: Accuracy for gender and age prediction on test data (averages from six models trained with different
random seeds, standard deviation in Appendix A, Table 6). Best white- and black-box classifiers are bolded.

BLOG is the Blog Authorship Corpus (Schler
et al., 2000), that was constructed in August 2004
from blogger.com, including a total of 71,000
blogs and 681,284 posts. Each post is annotated
with a date, blogger’s ID, self-provided gender (’fe-
male’, male’), age, industry, and zodiac sign.

The corpus does not include a pre-defined train-
ing and test split. Therefore, we first randomly
divide it into 80/20 split. Secondly, since BLOG
includes whole articles and not single conversa-
tion inputs, its data points are much longer than
in PAN13. Therefore, to make these two datasets
more comparable, we downsample the training part
of BLOG to have approximately the same number
of words as in PAN13-ES (keeping full articles in-
tact). We ensure that all the datasets are balanced
regarding the gender of the authors. We convert the
ages in BLOG to the same categories as in PAN13:
‘10s’ (13-17), ‘20s’ (23-27), and ‘30s’ (33-47).

For both of the datasets, we group and concate-
nate posts from the same author and take such con-
catenated texts as our data points. Moreover, we
eliminate URLSs in the preprocessing of the texts.

5 Gender and Age Prediction

We start from answering what is the accuracy of
standard classifiers when predicting gender and age
for the given text.

5.1 Method

We test classifiers that are straightforward to imple-
ment, making them popular choices for predicting
the demographics of authors. We categorize these
classifiers into two groups: white-box and black-
box models (Loyola-Gonzilez, 2019). White-
box models, like logistic regression, offer easy-to-
understand interpretations of results, appealing to

researchers who prioritize insight into the decision-
making process of their models (Morales Sdnchez
etal., 2022; Rudin, 2019). On the other hand, black-
box models, typically including neural networks,
are often regarded as more effective but harder to
interpret.

White-box We follow the white- and black-box
classifier selection outlined in Jang et al. (2023).
Concretely, for white-box classifiers, we use Logis-
tic Regression (LR), Random Forest (RF), Deci-
sion Tree (DT), and Naive Bayes (NB). We imple-
ment them using the scikit-learn library (Pedregosa
et al., 2011) with default hyperparameters.> For
these models, each text is represented as a vector
of (lower-cased) word-based tf-idf scores.

Black-box The black-box classifiers use the
transformer-based language models supported by
the Hugging Face Transformers library (we refer
to Table 3 in Appendix A for details).> For En-
glish, we experiment with BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), and XLNet
(Yang et al., 2019).* For Spanish, we use the BERT
adaptation by Caiiete et al. (2020) and RoBERTa
adaptation by De la Rosa et al. (2022). All classi-
fiers underwent fine-tuning for a duration of five
epochs, employing a learning rate of le-5, a weight
decay factor of 0.01, and a batch size of 16.

5.2 In-Domain Results

Table 1 provides gender and age prediction results
from the white-box (top) and black-box (bottom)
models. First of all, it is evident that almost all clas-
sifiers outperformed the majority baseline, with

2Code and data selection will be released with this paper.

3ht’cps: //huggingface.co/

“We do not include BertAA (Fabien et al., 2020), i.e.,
BERT model for authorship attribution, because it was fine-
tuned on BLOG, which we did use for our analysis.
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Gender Age
PAN13 BLOG PAN13 BLOG

Majority 0.50 0.50 0.33 0.42
LR 0.51 0.57 0.39 0.40
DT 0.46 0.50 0.44 0.31
RF 0.51 0.50 0.47 0.34
NB 0.50 0.50 0.42 0.35
BERT 0.53 0.65 0.50 0.38
RoBERTa 0.55 0.69 0.37 0.38
XLNet 0.55 0.68 0.40 0.40

Table 2: Cross-dataset accuracy (averages from six
models trained with different random seeds, standard
deviation in Appendix A, Table 4) for gender and age
prediction on English test datasets. Best white- and
black-box classifiers are bolded.

the only exception of the DT model for age pre-
diction in the PAN13-ES dataset.” Among the
white-box classifiers, LR stands out as the best,
consistently surpassing the other models by a signif-
icant margin. In the black-box category, RoOBERTa
achieves the best results.® However, the advantage
that ROBERTa holds over LR is relatively modest
(at most 0.09 for age prediction in PAN13-EN),
prompting the question if the loss of inherent in-
terpretability coming with LR is worth the slight
performance gain.

When analyzing the performance across all three
datasets, an interesting pattern can be noticed —
accuracy on PAN13-EN is uniformly lower than
on its Spanish counterpart, PAN13-ES. Similarly,
the accuracy on PAN13-ES is consistently lower
than on the BLOG dataset, positioning BLOG as
the “easiest” dataset for the classifiers to handle.
The differences in performance across languages
(PAN13-EN and PAN13-ES) and domains (PAN13-
EN vs. BLOG) are substantial, raising questions
about the underlying factors behind them.

5.3 Cross-Domain Results

Before we go to the analysis of style differences,
we conduct a preliminary cross-dataset’ experi-
ment, in which we train a model on PAN13-EN
and test it on BLOG and vice versa. The outcomes
are presented in Table 2. As expected, the accu-

3The variation in the majority baseline results comes from
the datasets being balanced with respect to gender but not age.

®Qur best white- and black-box classifiers align with the
findings of Jang et al. (2023), who evaluated the same models
for figurative language recognition.

"We consider PAN13 and BLOG are datasets from two
different domains: PAN13 includes conversational posts from
social media and BLOG includes individual blog posts of
longer length

racy of all the models decreased compared to the
in-domain results (cf. Table 1). Regarding gen-
der prediction, certain trends observed previously
persist: LR and RoBERTa remain the best classi-
fiers, with ROBERTa keeping its advantage over LR.
Moreover, accuracy on BLOG is still higher than on
PANT13-EN. However, the practical usability of any
of these classifiers is debatable. Although nearly all
models outperformed the majority baseline, this im-
provement is often minuscule. The most promising
results come from black-box classifiers applied to
BLOG, suggesting that some gender-related signals
effectively transfer from PAN13-EN. This could be
due to the larger training datasets improving cross-
domain gender prediction accuracy — as seen with
PAN13-EN compared to BLOG— although previ-
ous evidence suggests this is not always the case
(Dias and Paraboni, 2020).

For age prediction, a slightly different picture
can be observed. Apart from three exceptions (DT,
RF, and BERT applied to PAN13-EN), none of the
classifiers exceeded the majority baseline. Notably,
in the context of BLOG, no model successfully
transferred age-related features from PAN13-EN.
These findings underscore a critical point: while
certain stylistic elements do vary across datasets,
the features that remain consistent are insufficient
to enable classifiers to effectively generalize.

6 Demographics vs. Style

The findings from the previous section highlight dif-
ferences in classifier performance across datasets.
Next, our objective is to uncover the underlying
causes behind these differences. Given that the
accuracy of AP models is often linked to the demo-
graphically influenced writing styles of authors (see
Section 3.2), our first analysis involves examining
our datasets from the perspective of their style.

6.1 Method

We investigate the explanatory power of style-
related variables in predicting demographic char-
acteristics. Our analysis focuses on two dependent
variables (DVs): binary gender (male/female) and
age (10s, 20s, 30s). The independent variables
(IVs) include word-based features derived from
the datasets (see below). Additionally, we incor-
porate the other demographic feature as an IV —
for instance, when gender serves as the DV, age is
included as an IV, and vice versa. The analysis is
conducted using only the training parts of datasets.
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Feature extraction We extract word-level fea-
tures from five categories. For the description of
all single features in each category, we refer to
Falk and Lapesa (2022) (see Appendix in Falk and
Lapesa (2022) for details)

* Surface (6 features) including characteristics like
token length, average character count per word, and
number of syllables per word.

» Syntactic (6 features) involving metrics such as
the proportion of fine-grained part-of-speech tags
within each post, including personal pronouns, aux-
iliaries, and named entities.

 Textual complexity (14 features) encompassing
diverse measures of lexical diversity, lexical sophis-
tication, and readability.

» Sentiment and polarity (20 features) including
emotional indicators like joy and fear.

For the extraction of surface and syntactic fea-
tures, we used scripts from Falk and Lapesa (2022).
For textual complexity and sentiment features,
we employed SEANCE (Crossley et al., 2017),
TAALED (Kyle et al., 2021), and TAALES (Kyle
et al., 2018). Given that these tools are designed
only for English, their application was limited to
the PAN13-EN and BLOG datasets. As a result,
we extracted a total of 46 features® for these two
datasets and 12 features for PAN13-ES.

We use stats and nnet packages from R and
two types of models: a binomial logistic regres-
sion for gender as DV and a multinomial logistic
regression for age as DV. To compare across En-
glish datasets (PAN13-EN and BLOG), we load
the model with all 46 features. Comparison across
languages (PAN13-EN, BLOG and PAN13-ES) is
performed with 12 common features. Additionally,
Appendix A.1 provides details on the best combi-
nation of features for each dataset.

6.2 Data Analysis

Figures 1 and 2 present significant features that
correlate with gender as the controlled variable. We
focus our discussion on the results from the models
on gender prediction as a case of our methodology.
We obtained similar findings in terms of significant
features for age, which are shown in Figures 5
and 6 in Appendix A.

8Due to the limited capacity of TAALED processing long
posts, there are 4 features we did not manage to extract for both
datasets. These features are: McD_CD_AW, Sem_D_AW,
content_poly and hyper_verb_noun_Sav_Pav from the textual
complexity category (lexical sophistication).

Style across datasets Comparing the two En-
glish datasets in Figure 1, we first notice that the
two plots clearly differ. While for PAN13-EN, sig-
nificant features (dark markers) can be seen across
all categories, for BLOG, they group mostly in the
bottom three. Analyzing individual categories, dif-
ferences can be spotted already in the surface fea-
tures (second from the bottom). For example, the
percentage of syllables per word (syll_per_word),
Gunning fog index (gunningFog), and Flesch read-
ing ease (flesch)’ indicate significant correlations
with the ‘male’ category, similar to previous find-
ings about “women tend[ing] to compose longer
texts than men” (Xia, 2013). However, this sig-
nificance is observed only in the BLOG dataset.
Regarding syntactic features, only the use of auxil-
iaries and the presence of named entities emerge as
significant factors across both datasets. In contrast,
the frequency of subordinate conjunctions appears
only in BLOG and adjectives only in PAN13-EN.
Finally, we find that PAN13-EN contains a greater
number of significant features from the categories
of sentiment, and text complexity, compared to
BLOG. For features such as the “certainty compo-
nent”, our finding of it correlating more with the
"female’ category, is aligned with previous evidence
that women tend to have more positive sentiment
in texts than men do (Lettieri et al., 2023).

Style across languages As shown in Figure 2,
surface and syntactic features emerge as distinc-
tive attributes associated with gender in both En-
glish and Spanish PAN13 datasets. However, a
closer inspection reveals nuanced variations in the
contributions of these features between the two
languages. For instance, in PAN13-EN, female
authors tend to use more adjectives, whereas in
PANT13-ES, this trend is reversed, correlating more
with male authors. Other syntactic features, such as
auxiliaries, are significantly correlated with male
authors in PAN13-EN but exhibit no discernible ef-
fect on either female or male authors in PAN13-ES.
Similarly, adverbs in PAN13-ES are highly asso-
ciated with female authors, while there is no such
association in PAN13-EN.

Flesch Reading Ease (Flesch, 1948) and Gunning Fog
Index are two readability metrics measuring a combination of
information involving the length of the sentences or words,
and the number of complex words. Unlike lexical diversity
and sophistication features relying on the variants of token
ratio, these scores are sensitive to the length of texts, thus they
are classified as surface features.
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Significant (p < 0.05) features for gender as DV; model selection used all five categories of features.

Labels on the left are feature names; right are group names. Light gray markers show non-significant features.

In summary, we conclude that gender-related
style signals are inconsistent across our selected
domains and languages.

7 Demographics vs. Topics

As explained in Section 3.3, topics are the second
type of information frequently considered to influ-
ence classifiers’ ability to predict demographic fea-
tures of authors. Thus, in this section, we analyze
topic-based differences in our data and their influ-
ence on the classifiers’ errors. This section focuses
exclusively on the PAN13-EN dataset, which we
identified as the most challenging for the classifiers
in Section 5.

7.1 Method

To extract topics, we use BERTopic (Grootendorst,
2022) with the default parameters. Specifically, we
assign one topic to each post in the training data.
To ensure coherent content in topics, we constrain
the topic number to 100, covering 75,895 posts.
All the remaining texts were assigned the default
topic —1, which BERTopic designates for outliers.
We exclude these texts from the analysis.

7.2 Data Analysis

Figure 3a shows the five most common topics for
different demographic groups (male vs. female, 20s
vs. 30s) in the PAN13-EN dataset as well as the

corresponding numbers of articles.!® The topic of
website and marketing (label ) emerges as the
most commonly addressed across all groups. The
second ranked topic concerns shoes and handbags
(label 1) for all groups except for males in their
20s, for whom love and god (label 2) is ranked
second. Apart from order, the top-5 topics within
each age group are the same across gender.

Larger differences can be observed across age
groups: While labels 2 and 4 appear only in
the top-5 topics for authors in their 20s, the topics
home and furniture (label 3) and weight and fat
(label 6) are in the top-5 only for authors in their
30s. In other words, male and female authors show
a relatively strong interest in fashion, love, religion
and/or friends in their 20s. However, interests differ
across age groups, with other interests being more
important in the 30s, independently of gender. Our
data is not longitudinal, meaning that while we can
identify the topic difference across age populations,
we are unable to track the evolving interests of
specific individuals over time.

7.3 Error Analysis

Having determined the distribution of topics, we
investigate their influence on AP classifiers. Con-
cretely, we perform an error analysis of the
RoBERTA classifier, the best-performing model
from Section 5. To not compromise our test sets,

%We exclude the 10s group for data sparsity reasons.
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Figure 2: Significant (p < 0.05) features for gender as DV; model selection used only surface and syntactic features.
Labels on the left are feature names; right are group names. Light gray markers show non-significant features.

we perform this analysis on the training sets, for
which we collect model predictions on gender and
age by 5-fold jackknifing. Figure 3b shows ab-
solute and relative errors counts for the discussed
groups and topics (for a full breakdown of results
by gender and age, see Appendix A, Table 8).

As expected, the most frequent topics in the
whole dataset—websites and marketing (1abel 0),
shoes and handbags (1abel 1), and love, life, and
Jesus (Label 2)—are also the ones with the highest
error counts. Interestingly, a clear pattern can be
observed when comparing the distribution of topics
against the prediction errors. Topics that are more
frequent for one gender, such as shoes and hand-
bags (1abel 1) and home and furniture (label 3)
for females, or greetings and friendship (label 4)
for males, tend to be underpredicted. This result
can be interpreted as a potential stereotype in the
model: Men writing about shoes, handbags, or fur-
nishings will be more frequently mispredicted as
women, while women writing about games as men.

We observe an additional pattern for topics such
as websites and marketing (1abel @) and love, life,
and Jesus (label 2). The same general rule ap-
plies: Topics more frequent for one gender lead
to a higher error rate in identifying another gen-
der. However, errors in these topics appear for
both genders, accompanied by a comparable age
distribution. This pattern indicates that the topical
signals alone are inadequate for effective modeling.
Individuals of different genders can discuss similar
subjects and are also equally susceptible to being
incorrectly classified in such discussions.

8 Conclusion

Gender is a complex attribute, and linguistic sig-
nals can be very blurry to distinguish among demo-
graphic groups (Liu et al., 2021). AP tasks with
binary gender classification tend to oversimplify
these nuances, potentially reinforcing stereotypes
and misrepresentations. In this work, we revisited
the authorship profiling task to understand what
bias AP models capture and where they make mis-
takes'!. We started by demonstrating that stan-
dard classifiers achieve relatively low accuracy in
predicting authors’ gender and age, with varying
performance across datasets. Our feature analysis
revealed that these differences might be attributed
to altering demographically related signals. While
the results confirmed that surface and syntactic fea-
tures significantly correlate with the demographics
of authors, surprisingly, the strength and direction
of these correlations vary across datasets, irrespec-
tive of whether they are in the same or different
languages. Moreover, the signals that are consis-
tent across datasets are insufficient for a successful
transfer of models between them. Finally, we show
that a strong signal for classifiers is the topic of
the text. However, classifiers that base their deci-
sions more on the content and not style can exhibit
biased behaviors, making mistakes in topics stereo-
typically associated with a particular interaction
between gender and age, causing representational
harm.

With the evidence above, we emphasize that us-

The datasets and experimental code for this work are avail-
able at https://github.com/HongyuChen2022/AP-task
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ing and interpreting results even from AP classi-
fiers that include only features for gender/age pre-
diction necessitates caution, accounting for both
the domains and the models’ behavior. Similarly
to other NLP classification tasks, AP models aim
to learn dataset-specific patterns. These patterns,
once learned, are then applied to predict informa-
tion about new texts. However, as we showed,
dataset-specific patterns do not reflect general de-
mographic differences. Therefore, practically ap-
plying AP models to new data results in decisions
that are either based mostly on stereotypes or that
have very low accuracy. Therefore, in use cases that
require AP models, it is important to understand
the differences between the training and applica-
tion datasets. Moreover, white-box classifiers that
are easy to interpret are the better choice for the
prediction methods.

Limitations

Methodologically, our work provides a new per-
spective on the authorship profiling task and its

[S—

model behavior for gender/age prediction. We em-
phasize the importance of examining the relations
between dataset-specific patterns and general de-
mographic differences.

However, our work would benefit from explor-
ing more extensive datasets and a broader range of
languages. Our experiments are limited to English
and Spanish, as they are the two most common
languages analyzed in authorship profiling tasks
for gender and age prediction (HaCohen-Kerner,
2022). Meanwhile, some of our feature categories
are limited to the English datasets. Future research
should extend beyond surface and syntactic fea-
tures across languages. Also, the existing datasets
we rely on treat gender as a binary variable (male
and female), and age is restricted to only three
ranges (10s, 20s and 30s). These restrictions drasti-
cally limit the insights of our analyses as well as the
models’ ability to handle more nuanced variations.

Furthermore, mitigating the identified biases and
limitations in AP models requires incorporating
strategies such as domain adaptation, reducing
topic bias, and creating more robust and generaliz-
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able features. Exploring these strategies in future
work will enhance the robustness and fairness of
AP models, contributing to their practical value
and ethical application. Future work could also
expand to state-of-the-art Large Language Mod-
els that perform very well in related tasks and that
are potentially capable of representing features that
generalize across datasets. Whether these steps will
lead to AP models that are more accurate, fairer
and ethically sound remains an open question that
needs to be addressed in future work.
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A Appendix

EN BERT bert-base-uncased
EN RoBERTa roberta-base \
EN XLNet xInet-base-cased
ES BERT bert-base-spanish-wwm-uncased ?
ES RoBERTa bertin-roberta-base-spanish .
1
Table 3: Hugging Face models used for black-box
classifiers.
1
Gender Age 2
PAN13 BLOG PAN13 BLOG ,
Majority 0.001  0.000 0204  0.000 °
LR 0.004 0.000 0.001 0.001
DT 0.003 0.003 0.004 0.011
RF 0.003 0.005 0.024 0.019
NB 0.000 0.000 0.000 0.000
BERT 0.023 0.012 0.017 0.012
RoBERTa 0.003 0.017 0.008 0.006
XLNet 0.002 0.016 0.013 0.007

Table 4: Standard deviation for results in Table 2.

A.1 Best Model Selection

fig. 4 describes the syntax we use in R for two types
of regression models being applied to PAN13-EN
and BLOG datasets:a binomial logistic regression
classifier (LR) for gender classification and a multi-
nomial logistic regression classifier (MLR) for age
classification.

table 9 shows the Bayesian Information Crite-
rion (BIC) metrics we use to determine the model
that best fits the data. Two scenarios for models
are assessed: models with our four groups of fea-
tures and also with gender/age information con-
trolled; and models with four groups of features
only. Lower BIC scores indicate a more favorable
fit. For PAN13-EN, model 5 (gender prediction,
controlled for age) with a BIC score of 102978
and model 5 (age prediction, controlled for gender)
with 113900 are selected. In the case of PAN13-ES,
adding gender/age information of authors does not
improve the scores of models as much as in the case
of PAN13, and also due to limited feature groups
available for PAN13-ES, we have selected model 2
(gender prediction) with a BIC score of 104489 and
model 2 (age prediction), with 119938. For BLOG,
though exposed with more feature options, only
surface and syntactic features give models the low-
est BIC scores, where model 2 (gender prediction)

and model 2 (age prediction, gender controlled)
emerged as the preferred choices, with BIC scores
of 5467 and 8115, respectively.

glm(Gender ~ Group A, family = 'binomial
', data = PAN13/Blogs)
glm(Gender ~ Group A + Group B, family =

'binomial ', data = PAN13/Blogs)
glm(Gender ~ Group A + Group B + Group C
+ Group D + Group E, family = '

binomial ', data = PAN13/Blogs)
multinom(Age ~ Group A, family = '

multinomial ', data = PAN13/Blogs)
multinom(Age ~ Group A + Group B, family

= 'multinomial ', data = PAN13/Blogs)

multinom(Age ~ Group A + Group B + Group
C + Group D + Group E,family = '
multinomial ', data = PAN13/Blogs)

Figure 4: Binomial logistic regression for gender (top)
and multinomial logistic regression for age (bottom).
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PAN13-EN

train

test

male 37,949/24,477,667 12,648/5,696,380
female 37,949/28,233,153 12,711/7,075,832
10s 2,500/1,969,032 1776/1,094,296
20s 42,598/26,476,213 9175/2,988,055
30s 30,800/24,477,667 14,408/8,689,861
Total 75,898/52,922.912  25,359/12,772,212
PAN13-ES
train test

male 37,950/10,311,857 4,080/991181

female 37,950/9,420,533 4,080/877,135

10s 2,500/411,742 288/56,518

20s 42,600/10,363,481  4,608/1,042,463

30s 30,800/8,957,167 3,264/769,335

Total 75,900/19,732,390  8,160/1,868,316

BLOG
train test

male 2,096/15,451,310  1,931/12,986,336

female 2,094/15,502,898  1,931/14,161,124

10s 1,400/7982322 1,648/8424833

20s 1,398/11,419,916  1,616/12,906,272

30s 1,392/11,551,970 598/5,816,355

Total 4,200/30,888,893  3,862/27,147,460

Table 5: Statistics of the data used for analysis: number of files (authors) / number of words.
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Gender Age
PANI3-EN PANI13-ES BLOG PANI3-EN PANI3-ES BLOG

Majority 0.001 0.000 0.000 0.000 0.000 0.126
LR 0.000 0.001 0.001 0.001 0.000 0.001
DT 0.002 0.004 0.004 0.001 0.003 0.004
RF 0.012 0.019 0.030 0.023 0.016 0.027
NB 0.000 0.000 0.000 0.000 0.000 0.000

BERT 0.004 0.001 0.003 0.009 0.004 0.006

RoBERTa 0.003 0.007 0.005 0.005 0.003 0.005

XLNet 0.008 - 0.005 0.005 - 0.006

Table 6: Standard deviation for results in Table 1.

Gender Age
PAN13-EN PANI13-ES BLOG PANI13-EN PANI3-ES BLOG
Majority 0.50 050  0.50 0.56 0.56 0.33
LR 0.58 0.66  0.74 0.61 0.67 0.70
DT 0.54 056  0.61 0.54 0.55 0.53
RF 0.58 063 071 0.60 0.63 0.63
NB 0.55 055 0.6l 0.46 0.45 0.52
BERT 0.58 0.71 0.76 0.60 0.68 0.65
RoBERTa 0.59 0.70  0.79 0.62 0.67 0.73
XLNet 0.58 - 075 0.62 - 0.71

Table 7: Accuracy for gender and age prediction on 5-fold evaluation of training datasets.

164



BLOG

BLOG

PAN13-EN

PAN13-EN
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Figure 5: Significant (p < 0.05) features for age as DV; model selection used all five categories of features.

BLOG BLOG PAN13-EN| [PAN13-EN| |PAN13-ES| |PAN13-ES
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Figure 6: Significant (p < 0.05 ) features for age as DV; model selection used only surface and syntactic features.
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10s 20s 20s

correct  error correct  error correct  error Total

PAN13-EN 860 390 14,793 6,506 9,529 5,871 37,949

female PANI13-ES 925 325 14,959 6,341 10,621 4,779 37,950
BLOG 564 136 540 159 553 144 2,096
PAN13-EN 461 789 11,393 9,906 7,937 7,463 37,949

male PAN13-ES 836 414 15,003 6,297 10,521 4,879 37,950
BLOG 518 182 574 125 553 142 2,094

Table 8: Correct and error cases in predicting gender by RoBERTa. Highest number of errors in each column
bolded.

Gender

ml m2 m3 m4 m5
PAN13-EN 104,300 104,341 103,941 103,804 103,195
104,274 104,314 103,850 103,672 102,978
BLOG 5,581 5,467 5,617 5,702 5,717
5,541 5,467 5,558 5,643 5,658

PAN13-ES 104,629 104,489

Age

ml m2 m3 m4 m5
PAN13-EN 118,048 117,952 116,506 115,272 114,132
118,022 117,952 116,416 115,139 113,900
BLOG 8,349 8,177 8,473 8,640 8,626
8,304 8,115 8,411 8,578 8,626

PAN13-ES 120,134 119,938

Table 9: BIC score for gender and age prediction model 1 to model 5.
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Abstract

Measuring and mitigating gender bias in natu-
ral language processing (NLP) systems is cru-
cial to ensure fair and ethical AI. However, a
key challenge is the lack of explicit gender in-
formation in many textual datasets. This paper
proposes two techniques, Identity Term Sam-
pling (ITS) and Identity Term Pattern Extrac-
tion (ITPE), as alternatives to template-based
approaches for measuring gender bias in text
data. These approaches identify test data for
measuring gender bias in the dataset itself and
can be used to measure gender bias on any NLP
classifier. We demonstrate the use of these ap-
proaches for measuring gender bias across var-
ious NLP classification tasks, including hate
speech detection, fake news identification, and
sentiment analysis. Additionally, we show how
these techniques can benefit gender bias mitiga-
tion, proposing a variant of Counterfactual Data
Augmentation (CDA), called Gender-Selective
CDA (GS-CDA), which reduces the amount
of data augmentation required in training data
while effectively mitigating gender bias and
maintaining overall classification performance.

1 Introduction

In recent years, there has been a significant growth
in research analyzing biases present in natural lan-
guage processing (NLP) systems and models. This
includes studies on biases present in embedding
spaces, which are representations of words and sen-
tences generated from large text data (Bolukbasi
et al., 2016; Caliskan et al., 2017; Gonen and Gold-
berg, 2019; Zhao et al., 2017; May et al., 2019)and
in large language models (Wan et al., 2023; Kotek
et al., 2023).

Researchers have investigated how these biases
manifest in NLP systems across a range of tasks,
coreference resolution (Rudinger et al., 2017; Zhao
et al., 2018), machine translation (Vanmassenhove
et al., 2021; Savoldi et al., 2021; Stanovsky et al.,

2019), sentiment analysis (Kiritchenko and Mo-
hammad, 2018), and hate speech/toxicity detection
(Park et al., 2018; Dixon et al., 2018), among others.
As NLP models are trained on human-generated
text data, they can acquire and propagate societal
biases present in that data when deployed in real-
world applications, leading to concerns about dis-
criminating outputs (Park et al., 2018).

Machine learning models can be deliberately
designed with a specific bias aligned with their in-
tended purpose. For example, a toxic comment
detector is meant to be biased toward giving higher
scores to actual toxic comments over non-toxic
ones. However, such models are not intended to
discriminate based on attributes like gender that
might be evident in comments. If a model exhibits
this behavior by scoring comments differently due
to gender references, it is considered an unintended
and undesirable bias. While the bias towards accu-
rately identifying toxic content is the intended goal,
any bias that leads to unfair treatment or discrimina-
tion based on attributes such as gender is regarded
as an unintended bias that needs to be addressed
(Dixon et al., 2018). Biased algorithmic outcomes
from Al systems can negatively impact users, cre-
ating a feedback loop that amplifies existing biases
(Mehrabi et al., 2021). These harmful effects can
impact different groups based on the nature of the
bias, such as women facing discrimination from
gender biases, minorities affected by racial biases,
or specific age groups impacted by age-related bi-
ases. Evaluating and mitigating these unintended
biases is crucial for developing trustworthy, fair,
and ethical Al systems.

Bias Statement.In textual classification tasks,
gender bias refers to the presence of systematic
errors or unfairness in predictions related to gender
within the text data. Our key concern is the poten-
tial allocational harms arising from such systematic
gender biases in NLP models, where the systems
may disproportionately misclassify or make inaccu-
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rate predictions for text associated with a particular
gender group (Blodgett et al., 2016; Barocas et al.,
2017). For instance, a sentiment analysis model
might demonstrate gender bias by associating cer-
tain emotions or sentiments more strongly with
one gender, regardless of the context (Jentzsch and
Turan, 2022). Hate speech detection models can
also display gender biases towards specific iden-
tity terms due to factors like uneven distribution in
datasets and excessive use of certain identity terms
in hate speech sentences. For instance, terms such
as "women" and "feminism" may often be associ-
ated with sexist comments in benchmark datasets,
leading to incorrect generalisations by the model
(Park et al., 2018; Mozafari et al., 2020). This could
lead to unfair censorship or moderation applied dis-
proportionately to one gender. Similarly, biased
fake news detectors may struggle more to identify
misinformation targeting or involving females ver-
sus males. Such gender disparities in NLP system
performance can propagate societal biases and en-
able discriminatory downstream impacts. Our nor-
mative stance is that an ideal NLP system should
perform equally well regardless of the gender men-
tioned or associated with the input text. Significant
differences in accuracy across genders in core clas-
sification tasks is an undesirable outcome that can
enable allocational harms through unfair allocation
of negative consequences like censorship, spread
of misinformation, or mischaracterisation.

A primary method for identifying gender bias
in an NLP system is to measure whether the per-
formance differs across genders. However, one of
the main challenges in many textual corpora is the
absence of explicit gender identification.

Gender Bias Evaluation Testsets (GBETS),
named by (Sun et al., 2019) have been employed
to address this challenge. GBETsS facilitate gen-
der identification by creating synthetic test sets
that isolate specific groups of individuals. This
enables the evaluation of bias across various nat-
ural language processing (NLP) tasks. There are
three types of GBETs (Stanczak and Augenstein,
2021), template-based datasets, natural language-
based datasets, and datasets generated for probing
language models. The template approach involves
creating sentence templates with words related to
gender and the specific task being evaluated. From
each template sentence individual sentences are
generated, one for each gender. The performance
of the NLP system is then compared across the
groups of this synthetic test data, one group for

each gender, allowing for the measurement of gen-
der bias. This gender identity template approach
has been used (across binary genders) for various
NLP tasks, including abusive language detection
(Dixon et al., 2018; Park et al., 2018), sentiment
analysis (Kiritchenko and Mohammad, 2018), and
coreference resolution (Zhao et al., 2018; Rudinger
et al., 2017). Additionally, the gender identity tem-
plate has been extended to include non-binary gen-
ders (Sobhani et al., 2023).

While template-based approaches offer a way to
create gender bias evaluation datasets, they face
certain limitations. The artificially generated text
may not accurately represent the true distribution
and content of real-world data for the target task.
Additionally, the templates need to be carefully de-
signed for each specific downstream task, lacking
generalisability across different NLP applications.
Furthermore, studies have demonstrated that the
performance of these synthetically generated test
datasets on the intended downstream tasks is often
poor.

In this work, we propose two techniques to iden-
tify gender in natural language text to facilitate
measuring gender bias in NLP systems, aiming
to overcome the limitations of template-based ap-
proaches. The first technique, Identity Term Sam-
pling (ITS), is a knowledge-light approach built
upon the work by (Sobhani and Delany, 2022)
which we further extend in this study. The sec-
ond technique, Identity Term Pattern Extraction
(ITPE), is a more knowledge-intensive alternative
that we propose to address the shortcomings of ITS.
Both techniques involve selecting the test set used
to measure gender bias in the NLP model from the
main dataset itself, ensuring that the test data aligns
with the training dataset for the target task and is
not synthetically produced like template data. By
leveraging the dataset itself, these techniques en-
able a more reliable and representative evaluation
of gender bias within the NLP model’s intended
domain and data characteristics.

We apply these new techniques, ITS and ITPE,
to measure gender bias across a diverse range of
natural language processing classification tasks in-
volving textual data about people. Such tasks, in-
cluding hate speech detection, fake news identifi-
cation, and sentiment analysis, are more likely to
exhibit gender bias due to the presence of personal
references and mentions within the text.

In addition, we use the ITPE approach in a pro-
posed variant of Counterfactual Data Augmenta-
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tion (CDA)(Lu et al., 2020), which we call Gender-
Selective CDA (GS-CDA). This variant selectively
applies CDA only to the gender-identified instances
in the training set, using our proposed ITPE tech-
nique. We demonstrate that GS-CDA effectively
reduces gender bias gaps (in some cases more than
CDA itself) while maintaining overall classification
performance with the significant benefit of reduc-
ing the computational overhead of augmenting the
entire training data.

2 Approach

To address the challenge of the lack of gender
identification for evaluating gender bias in NLP
models, we propose two distinct techniques: Iden-
tity Term Sampling (ITS) which is a knowledge-
light approach, and Identity Term Pattern Extrac-
tion (ITPE), a more knowledge-intensive approach.
These techniques aim to determine whether the nat-
ural language text is talking about a person and
to identify the gender of that person by leverag-
ing gender identity terms and associated patterns
within the text. By applying these techniques to
datasets that may be used to train models for down-
stream classification tasks, a section of the dataset,
with gender identified, can be used as test data to
measure the gender bias of the model built on that
training data.

Identity Term Sampling (ITS) uses the fre-
quency of gender identity terms in a data instance
to identify the gender in a sample of text that could
be about a person. Table 1 presents the list of
gender identity terms used by ITS. The basis of
this is a list of gendered nouns from (Hoyle et al.,
2019) augmented by additions pronouns and nouns
such as "her/his/him," "herself/himself," "guy/gal,"
"male/female," and "dad/mum/mom."

ITS can assign gender to those data instances in
a dataset that contains at least one gender identity
term. In each data instance, the frequency of male
and female identity terms listed in Table 1 as well
as words ending with "man/men/woman/women"
is counted within the text content. The gender
assigned to the data instance is the gender with the
larger frequency of identity terms. Data instances
with equal numbers of male and female gender
identity terms are not identified with gender as
there was no obvious gender. ITS is quite a naive
approach and does not provide a large number of
gender-assigned examples. Therefore, we explored
a knowledge-intensive approach to identify more

Male Female
Singular Plural Singular Plural
man men woman women
boy boys girl girls
father fathers mother mothers
son sons daughter daughters
brother brothers sister sisters
husband husbands wife wives
uncle uncles aunt aunts
nephew nephews niece nieces
emperor emperors empress empresses
king kings queen queens
prince princes princess princesses
duke dukes duchess duchesses
lord lords lady ladies
knight knights dame dames
waiter waiters waitress waitresses
actor actors actress actresses
god gods goddess goddesses
policeman policemen policewoman policewomen
postman postmen postwoman postwomen
hero heroes heroine heroines
wizard wizards witch witches
steward stewards stewardess stewardesses
guy guys gal gals
male males female females
dad dads mum/mom mums/moms
he - she -
his/him - her/hers -

Table 1: Seed words concepts

gender-assigned instances in the datasets.
Identity Term Pattern Extraction (ITPE) is
our proposed more knowledge-intensive approach
which leverages a comprehensive set of part-of-
speech (POS) patterns that contain gender identity
terms.

The algorithm splits the data instance into indi-
vidual sentences and parses each sentence to look
for the POS patterns listed in Table 2. When a
pattern is found, it is checked against the gender
identity terms in Table 1 and the sentence is as-
signed the gender of the matched identity term.
The approach works through the pattern list in the
order stated. Once a gendered match is found, the
instance has a gender identity.

In cases where there are multiple occurrences
of the matched pattern, the algorithm counts the
frequency of male and female gender identity terms
within the data instance. The gender with the higher
cumulative frequency across these patterns is then
assigned as the label for that instance. In cases
where the data instance contains multiple sentences,
the algorithm determines the overall gender label
for that data instance by selecting the majority gen-
der across all sentences.

To illustrate how ITPE and ITS operate in prac-
tice, we can examine the sentence:
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Order  POS Pattern Examples

subject

pronoun-noun
adjective-noun
noun-noun
pronoun-verb
proposition-pronoun
verb-pronoun
determiner-noun
pronoun-adjective-noun

O 00O\ W B W —

he, she, my mother, that guy

his cookbook, his name, her choice, her face

male oppression, stupid man, female announcer, female character
boy scout, boy teams, women comedian, woman commentator
he did, he thinks, she changed, she thought

to him, for him, about her, to her

tell him, reassuring him, loves her, find her

the man, that boy, a girl, this woman

his real name, her first mate

Table 2: POS patterns used for ITPE with examples

"Despite facing criticism from some men
in the industry, the pioneering female
CEO confidently presented her innova-
tive strategy to the board, earning praise
from her colleagues for her bold vision."

ITPE would first identify the subject "the pio-
neering female CEO". This matches the subject
pattern (Order 1 in Table 2), and "female" is a
gender-specific term. Consequently, ITPE would
immediately label this sentence as female and ter-
minate the process. In contrast, ITS would count
the frequency of gender identity terms from Table 1.
In this sentence, ITS would count the female terms
"female" and "her" (which appear three times), and
the male term "men". With five female terms and
one male term, I'TS would assign a female gender
label to this sentence. This example demonstrates
how both techniques successfully identify the gen-
der in the text, through different mechanisms.

2.1 Evaluation

The performance of the ITS and ITPE techniques is
evaluated on six natural language datasets to assess
their accuracy in identifying gender. The selected
datasets are all related to people and include the
gender (male or female) of the person in the text.
These datasets, described in Table 3, include:

BiasBios (De-Arteaga et al., 2019), a dataset of
397,340 biographies across 28 different occupa-
tions each with gender identified as male/female.

Wizard of Wikipedia (Dinan et al., 2018),
consisting of conversations between two people
discussing a topic related to Wikipedia biogra-
phies. It contains approximately 11K conversa-
tions annotated with "ABOUT" labels regarding
man/woman/non-binary (Dinan et al., 2020). For
validating our technique, we only used the dataset
instances related to man/woman.

WikiBias (Wan et al., 2023) is a collection of
approximately 11K personal biography datasets

scraped from Wikipedia, including demographic
and biographic information (Sun and Peng, 2021).

The gender subset of the StereoSet dataset
(Nadeem et al., 2021), consisting of 378 data in-
stances manually labeled as male/female.

CryanSets dataset (Soundararajan et al., 2023)
is generated using ChatGPT from lexicons of
gender-coded words from gender-coded lexicons.
It includes gendered language that captures and
reflects stereotypical characteristics or traits of a
particular gender. From the datasets mentioned in
this paper, we combined the Cryan dataset sets 1,
2, and 3, resulting in a combined dataset of approx-
imately 8K instances including male and female
labels.

Jigsaw, Unintended Bias in Toxicity Classifica-
tion, a dataset from Kaggle! which contains com-
ments where each comment is accompanied by a
toxicity label. A subset of comments have been
labeled with values ranging from O to 1, represent-
ing the extent of various identity attributes (such as
male, female, ethnicity, etc) in the comment. For
our purposes, we only consider the subset of data
with male/female values greater than 0.5, resulting
in approximately 63K data instances which include
male and female labels.

Dataset Gender Distribution(%) Size
F M #instances
BiasBios 46.2 53.8 396616
Wizard 19.7 80.3 9481
Wikibias 46.1 53.9 11452
StereoSet  49.5 50.5 378
CryanSets  49.7 50.3 7894
Jigsaw 59.0 41.0 63454

Table 3: Characteristics of datasets used to evaluate ITS and
ITPE

ITS and ITPE were run on each of these datasets
and those data instances that were successfully as-
signed gender were identified. Performance was

1https://kaggle.com/competitions/
jigsaw-unintended-bias-in-toxicity-classification
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ITPE ITS
Dataset —Precision(%)— —Precision(%)— Overlap
Overall F M GI% Overall F M GI% %
BiasBios 99.6 999 993 96.3 999 999 999 955 98.7
Wizard 94.8 89.4 96.8 50.0 954 904 970 451 87.2
Wikibias 99.0 994 98.6 84.1 958 977 942 79.7 94 .4
StereoSet 944  97.0 921 952 952 962 940 820 85.6
CryanSets 994 994 99.3 84.7 99.5 994 99.6 742 79.8
Jigsaw 81.8 93.8 719 839 89.0 969 812 77.1 74.2

Table 4: Performance of ITS and ITPE Gender Identification Techniques. Overall Precision, F% (Female Precision),
M% (Male Precision), amount of Gender-Identified(GI) data using ITPE and ITS, Overlap between ITPE and ITS

evaluated by measuring precision, the percentage
of those data instances with gender identified, that
had the gender correctly assigned. Since these tech-
niques are designed to identify gender in a subset
of instances in the dataset (which can subsequently
be used to measure gender bias) we are only con-
cerned with the accuracy of the instances extracted
by the techniques and not necessarily all instances
in the dataset.

Table 4 shows the results of applying ITPE and
ITS on these datasets which includes the overall
precision and the precision of female and male
instances extracted from each dataset. It also gives
the percentage of data instances from each dataset,
labeled GI%, that were identified with a gender.

When comparing the overall precision, and the
precision of male and female gender identification
between the ITPE and ITS approaches, we observe
that the differences in precision are relatively small,
with both approaches demonstrating high precision
in accurately identifying gender in textual datasets.

Looking at the numbers, we can observe that
for all datasets, the G/% column has higher per-
centages for ITPE as compared to ITS. By using
NLP techniques the ITPE technique is able to iden-
tify a larger amount of data instances with gender
information than the ITS approach.

Generally, both ITPE and ITS successfully iden-
tify the gender over 80% of instances except in the
Wizard dataset. This lower percentage could be
attributed to the fact that the Wizard dataset con-
tains more names than gendered pronouns or other
explicit gender references. Since ITPE and ITS
primarily rely on identifying gendered words and
pronouns, they struggle to determine the gender
for instances that do not include any such gender-
specific terms.

The Overlap column in Table 4 provides insights
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into the intersection between the data instances gen-
der identified by ITPE and ITS techniques. This
overlap is measured using the Jaccard index, a mea-
sure of similarity between two sets. A higher Jac-
card Index indicates a greater overlap between the
data instances identified by both techniques. Our
examination reveals that the overlap between ITPE
and ITS is high but the techniques do differ in what
they identify.

Both ITPE and ITS exhibit high precision in ac-
curately identifying the gender of data instances
across various datasets, with ITPE achieving a
higher percentage of gender-labeled dataset in-
stances compared to ITS.

3 Measuring Bias in an NLP Task

To evaluate the efficacy of the proposed ITPE tech-
nique in measuring bias for various NLP tasks, we
apply it to identify gender on several datasets that
do not initially provide gender identification. We
then use this to measure gender bias on a number of
different types of NLP classification tasks, includ-
ing hate speech detection, fake news identification,
and sentiment analysis. We focus on using ITPE as
it generally can identify gender for a larger number
of data instances in a dataset.

We use three hate speech datasets, two fake news,
and a sentiment analysis dataset. Table 5 gives the
characteristics of each dataset used including size
and class distribution.

The HateSpeech dataset (Waseem and Hovy,
2016) is a collection of almost 17K tweets con-
sisting of 3,383 samples of sexist content, 1,972
samples of racist content, and 11,559 neutral sam-
ples. The dataset is transformed into a binary clas-
sification problem by labeling the sexist and racist
samples as the “offensive” class and neutral sam-
ples as the “non-offensive” class.



Gender-Identified (%)

Task Dataset Class Class (%) F (%) M (%) Size
Offensive 31 25.2 9.5 17K

Hate Speech HS (W& H) Non-offensive 69 11.5 4.3
Detection Offensive 83 12.0 9.0 24K

HS (Davidson) Non-offensive 17 5.1 114
Offensive 53 18.0 18.0 35K

SBIC Non-offensive 47 9.0 14.0

Real 51 7.0 14.2
Fake News WELFake Fake 49 2.0 6.3 71K

Identification Real 48 1.2 6.0
FakeNews (Kaggle) Fake 50 90 19.0 44K

. . Positive 69 5.0 5.0
Sentiment Analysis MOIJI Negative 31 4.0 4.0 2M

Table 5: Class distribution, percentage of gender-identified data, and overall size for each dataset

The HateSpeech and Offensive dataset (David-
son et al., 2019) is a collection of almost 24k tweets.
The majority of tweets are considered to be offen-
sive language (77%), almost 17% are labeled as
non-offensive and only almost 6% of the tweets are
flagged as hate speech samples. By assigning the
“offensive” class label to samples exhibiting hate
speech and offensive, and the “non-offensive” label
to non-offensive samples, we convert the dataset
into a binary classification problem.

The Social Bias Inference Corpus (SBIC)
dataset (Sap et al., 2020) over 44K posts collected
from various sources of potentially biased online
content including Twitter, Reddit, and hate sites.
Each post is annotated by crowdsourcing workers
on Amazon Mechanical Turk, with different anno-
tations per post. For classification in this study, we
selected the data with offensive and non-offensive
categories as the target labels.

The Word Embedding over Linguistic Features
for Fake News Detection (WELFake) dataset
(Verma et al., 2021) consists of about 71K news
articles with 35K real and about 37K fake news
from popular news datasets. The dataset includes
the title and body of the news, for the purpose of
gender identification we only used the title.

The second FakeNews dataset is a Kaggle
dataset (Lifferth, 2018) consisting of about 44K
instances, each labeled as reliable or unreliable.
Each article in the dataset is provided with both a
title and body text. However, for the purpose of
gender bias evaluation and classification, we only
use the title.

The MOJI dataset (Blodgett et al., 2016) con-
tains over 2M tweets that are used for sentiment
analysis, categorising them as either positive or
negative. Additionally, the dataset provides details
regarding the type of English used in the tweets,

which is a sensitive attribute in fairness-aware meth-
ods. This attribute distinguishes between African-
American English (AAE) and Standard-American
English(SAE).

For the classification tasks, we use a pre-trained
BERT model (Devlin et al., 2019) from the Hug-
ging Face library (Wolf et al., 2020). The datasets
are split into stratified training and holdout testing
splits, with an 80/20 ratio. The hyperparameters of
the model are tuned on a 20% split of the training
data for each dataset. The full holdout test split
is used to measure the overall task performance
(accuracy) of the models. To evaluate classifica-
tion performance, we use average class accuracy
(ACA).

Measures for evaluating gender bias in NLP sys-
tems are often built upon the work of Hardt et al.
(2016) on equal opportunity and equalized odds.
These measures utilize the gender distributions in
the training data, rather than insisting on equal out-
comes for both genders regardless of the ground
truth prevalence (democratic parity). Equality of
opportunity considers where the predictions are in-
dependent of gender but conditional on the ground
truth or positive outcome in the training data. In
this work, we adapt the T'P R, measure used by
(Prost et al., 2019), which measures the difference
in the True Positive Rates across genders classifi-
cation task, to a more general measure Classgq)p
to quantify disparities in a model’s performance
across genders. For a given class c, the Classgq)p
is defined as Equation 1.

Classgap(c) = TPRc,female - TPRc,male (1)

Where T'PR. , is the True Positive Rate for
class c and gender g,
A positive value for Classy,, indicates a bias
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Classgap

Class ACC(%) ACA Template-based ACA

Data Off Non-Off Off Non-Off (%) (%)
HS (W& H) 0.093 -0.086 85.5 80.1 82.7 68.6
HS (Davidson) 0.020 -0.083 97.8 88.2  93.0 73.0
SBIC 0.033 -0.109 839 77.7 80.8 78.5
(a) Hate Speech Detection
Data Classgap  Class ACC(%) ACA Data Classgap  Class ACC(%) ACA
Real Fake Real Fake (%) Pos Neg Pos Neg (%)
WELFake 0.010 -0.047 97.8 912  96.1 .
Fakenews 0.011 -0.005 958 993  97.5 Moji 000010009 90.1 =739 820

(b) Fake News Identification

(c) Sentiment Analysis

Table 6: Classification and Bias results: Class gap, accuracy per class, average class accuracy (ACA) on the test data

towards females, the model performs better in pre-
dicting that class for female instances. Conversely,
a negative value indicated bias towards males and
better performance for male instances. Values close
to zero represent little bias.

We measure bias using the subset of data that is
gender identified in the hold-out test set. As the
dataset is randomly split into train and test sets, to
ensure the robustness of our evaluation and obtain
a reliable estimate of the model’s performance and
gender bias, we repeat the splitting process three
times and report the average results.

The Gender-Identified column in Table 5 shows
the amount of female and male data that is gender-
identified using the ITPE technique. The hate
speech datasets, which would include more gender-
specific words than other areas, tend to have a
higher proportion of data identified as female than
male. On the other hand, the fake news datasets
have less data identified as female and more iden-
tified as male. This is not very surprising if we
consider the domains. It is worth noting that for
the MOJI dataset, although the percentages of 5%
for the positive sentiment class and 4% for the neg-
ative sentiment class per gender may seem low, the
dataset is quite large, and these percentages repre-
sent a substantial number of instances available for
bias evaluation.

Table 6 presents the classification performance
and gender bias results for the hate speech detec-
tion 6a, fake news identification 6b, and sentiment
analysis 6c tasks. Results include the gender bias
Classgqp metric and class accuracy for each class,
and the overall average class accuracy (ACA). Ad-
ditionally, for the Hatespeech datasets, we report
the average class accuracy (ACA) obtained using

the template-based technique for comparison.

Looking at the Classyq), results for hate speech
in Table 6a the positive value in the offensive class
means that the model correctly classifies female
instances as abusive more than males, and the neg-
ative value in the non-offensive class, means it is
incorrectly classifying female examples as abusive.
This demonstrates a bias against females, as female
instances are classified as offensive more frequently
than instances involving males even those female
instances that are not actually offensive.

Additionally, we compared our proposed ap-
proach using gender-identified instances from the
original data (ITPE approach) with a template-
based synthetic test set generation method. The
template-based approach, following the work by
(Park et al., 2018), was applied specifically to the
hate speech dataset, as it is more accessible for
this type of dataset compared to others. For the
hate speech dataset, the template-based approach
generated 1480 synthetic test samples in total, with
740 pairs of male and female instances equally dis-
tributed across the "offensive" and "non-offensive"
classes. The average class accuracy (ACA) for the
template-based test set is reported in the Template-
based ACA column of Table 6a. When compar-
ing template-based ACA with the ACA of our
ITPE approach, we observe that for all datasets,
the template-based approach exhibits very poor
classification performance. This suggests that the
generated template sentences do not accurately re-
flect the actual content present in the datasets.

Table 6b presents the results for the fake news
detection task. The bias demonstrated here is the
opposite effect of the hate speech. The positive
values are for the real class and the negative values
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are for the fake class, indicating that the model
tends to perform better at identifying fake news for
male instances compared to female instances and is
inclined to consider real news as fake more for the
male instances. The level of bias is significantly
smaller though than the bias in the hate speech.

Table 6¢ shows the results for the sentiment anal-
ysis task on the MOJI dataset. There is very little
bias shown in this dataset, but the differences sug-
gest that the model has a slight tendency to predict
more female instances as having negative sentiment
as compared to the male instances.

As the MOJI dataset had labels for the type of En-
glish, African American English (AAE) and Stan-
dard American English (SAE), we had the oppor-
tunity to explore potential gender gap differences
between a subset of AAE and SAE, to see if any
disparities emerged when considering the racial
characteristics present in language expression. We
focused on the Classyq, Within each subset. The
results are presented in Table 7.

There is little bias in the AAE subset with the
Classyqp values showing a minimal difference be-
tween male and female instances. However, in the
SAE dataset, there is more bias shown with the
positive sentiment C'lass g, exhibiting a positive
value, and the negative sentiment Classgq, With
negative value. Essentially, this suggests that for
Standard American English, the model tended to
classify more male-written text as negative senti-
ment and female-written text as positive sentiment.
In contrast, such distinctions were not observed in
the African American English subset.

Classgap Class ACC(%) ACA
Subset Pos Neg Pos Neg (%)
AAE -0.0005 0.005 942 78.2 86.2
SAE 0.021 -0.041  86.0 69.5 71.7

Table 7: Gender Bias Analysis for a subset of African Ameri-
can English (AAE) and Standard American English (SAE)

In general, the results reveal more pronounced
gender bias in the hate speech detection task com-
pared to fake news identification and sentiment
analysis which may not be surprising due to the
nature of the task. Hate speech models exhibit sub-
stantial class gender gaps, indicating biases in clas-
sifying offensive content based on gender mentions.
In contrast, fake news detection models show rela-
tively smaller gender gaps, while sentiment analy-
sis exhibits negligible bias. However, upon examin-
ing individual groups of African American English
and Standard American English in the sentiment

analysis task, gender bias is observed within the
Standard American English texts.

4 Using ITPE in Bias Mitigation

We have seen in the previous section that the mod-
els for hate speech detection exhibit gender bias.
Mitigating bias in machine learning models is a
critical challenge to ensure fairness and prevent
discrimination against protected groups. Strategies
employed for bias mitigation can be categorized
into three main approaches: pre-processing, in-
processing (during training), and post-processing
(Ravfogel et al., 2020; Han et al., 2022). Pre-
processing techniques adjust the training dataset
prior to model training to achieve balanced rep-
resentations across protected groups such as gen-
der and race. A common approach is resampling
the training set, such that the number of instances
within each protected group is equal. One popular
pre-processing technique for mitigating gender bias
is Counterfactual Data Augmentation (CDA) (Lu
et al., 2020). CDA augments the training data with
gender-swapped examples, building upon basic
gender word swapping (e.g., "he" to "she") while
addressing key limitations. It handles co-references
to maintain grammatical consistency, swapping
gendered words that co-refer to proper nouns (e.g.,
"Queen Elizabeth" to "King Elizabeth"). CDA of-
fers a systematic approach to augmenting the data
with counterfactual examples, providing a compre-
hensive solution to reduce gender bias encoding.

In-processing or during-training approaches in-
troduce constraints into the model optimization
process. A widely adopted method is adversar-
ial training, which jointly trains a discriminator to
recover protected attributes from the model’s rep-
resentations and the main model to make accurate
predictions while preventing the discriminator from
determining the protected attributes (Zhang et al.,
2018; Elazar and Goldberg, 2018).

While adversarial training has been shown to re-
duce bias in machine learning models (Zhang et al.,
2018; Han et al., 2021), one of its key limitations is
that it requires having access to sensitive attribute
labels (e.g. gender, race) during the training pro-
cess. The need for annotated sensitive attribute data
can be restrictive, as such labels may not always be
available in the data.

If we consider a task like hate speech identifica-
tion and the datasets used in the previous section
the sensitive attribute, gender, is not identified in
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Dataset Class Original% ' CDA% ' GS-CDA% .

Gap Class ACA TSize Gap Class ACA TSize Gap Class ACA TSize
HSOVRID  wovor ooss so1 527 1K o5 sos B 26K o g 823 16K
HS(Davidson) Ncgﬁfoff %%28% g;g 93.0 20K %%2;; g;g 92.8 38K %%2513 g;; 92.7 24K
SBIC Nowot 0109 717 %% 3K oy 766 05 K fgpp g 808 36K

Table 8: Comparison of before and after applying Counterfactual Data Augmentation (CDA) and Gender-Selective Counterfac-
tual Data Augmentation (GS-CDA) Bias Mitigation Techniques for Hate Speech Detection.Classification and Bias results: Class

gap, Accuracy per class, average class accuracy (ACA) on the test data, and Training Size(TSize) per each dataset

the data preventing using adversarial training to mit-
igate the bias in these models. So, a pre-processing
technique such as CDA can be used to reduce this
bias. One of the limitations of CDA is that it sig-
nificantly increases the size of the training data, as
it augments the training data with gender-swapped
versions.

We propose a variant on CDA called Gender-
Selective Counterfactual Data Augmentation (GS-
CDA) where CDA is selectively applied only to the
data instances in the training set that were identified
as containing gender information using the ITPE
technique.

To evaluate how useful GS-CDA is in bias mit-
igation, we use the same approach discussed in
Section 2. The results of classification and gen-
der bias after applying the CDA and GS-CDA to
training data are shown in Table 8.

Comparing the original classification and gender
bias results on hate speech datasets in Table 8 with
the results after applying bias mitigation techniques
we observed a notable reduction in gender bias
gaps.

Compared to the original models, applying CDA
during training data augmentation leads to a re-
duction in gender bias gaps. Notably, CDA low-
ers the offensive Classgq, from 0.093 to 0.072
on the HateSpeech(W&H) dataset and the non-
offensive Classgq, from 0.109 to 0.068 on the
SBIC dataset. However, the classification accuracy
(ACA) remains almost the same. The GS-CDA
variant demonstrates even more promising results.
GS-CDA achieves further reductions in gender bias
gaps, outperforming both the original models and
the full CDA approach. On the HateSpeech(W&
H) dataset, GS-CDA lowers the offensive C'lassgqp
to 0.039 and the non-offensive Classgq), to 0.060,
while on SBIC, the non-offensive gap is reduced
to 0.032. Remarkably, GS-CDA maintains compa-
rable or slightly improved ACA compared to the
original models. These findings suggest that se-

lectively augmenting gender-identified instances
is an effective strategy for mitigating bias while
preserving overall classification performance.

The Tsize columns in the table show the num-
ber of training instances for the original datasets
before any mitigation, as well as the training set
size after applying the mitigation techniques. As
can be observed, the training set size for CDA is
almost twice as large as the original dataset size.
However, the training set size for GS-CDA is sig-
nificantly smaller than that of CDA, adding only
around 20% to the original dataset size. GS-CDA
offers an additional benefit over the full CDA ap-
proach by avoiding the computational expense as-
sociated with doubling the training data size, as is
the case with CDA.

5 Conclusion

This paper addresses the challenge of measuring
and mitigating gender bias in NLP systems by
proposing ITS and ITPE as techniques for iden-
tifying gender information in textual data, which
can be used as an alternative to template-based ap-
proaches for measuring gender bias. Through the
evaluation on multiple datasets, we demonstrate
the techniques performance in accurately assigning
gender labels. By applying ITPE, we demonstrated
measuring gender bias in various NLP classifica-
tion tasks, including hate speech detection, fake
news identification, and sentiment analysis. We
showed that these techniques facilitate measuring
gender bias in a wide variety of NLP classification
tasks, which offers significant benefits over the ex-
isting template technique which has only been used
for hate speech detection.

However, it is important to acknowledge the lim-
itations of our techniques. One limitation is the
inability to recognize names. This is primarily
because names vary significantly across different
cultures and regions, and many libraries do not ade-
quately support some names including Irish, Asian,
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and other ethnic groups. Additionally, some names
are unisex, making gender identification based on
names alone tricky and often inaccurate. Another
important limitation is that this approach only con-
siders binary gender, which excludes non-binary
and other gender identities.

In addition, we have used the ITPE technique
to mitigate observed gender bias by introducing
Gender-Selective Counterfactual Data Augmenta-
tion (GS-CDA), a variant of the popular CDA ap-
proach. GS-CDA selectively augments only the
gender-identified instances during training, leverag-
ing ITPE’s capabilities. Our results show that GS-
CDA effectively reduces gender bias gaps while
maintaining overall classification performance, out-
performing the conventional CDA approach and
using less augmented data.

The proposed techniques, ITPE and GS-CDA,
offer practical alternatives to template-based meth-
ods for measuring and mitigating gender bias in
NLP systems. By addressing the limitations of tem-
plate techniques and efficiently augmenting train-
ing data, these approaches pave the way for fairer
and more ethical Al systems. As future work, these
techniques will be extended to other protected at-
tributes and applied to a broader range of NLP tasks
to promote algorithmic fairness and responsible Al
development. In addition, they will be extended
to include non-binary and transgender individu-
als, emphasizing the importance of addressing the
full spectrum of gender identities in NLP research.
While our proposed methods have shown effective-
ness in certain NLP tasks, it will be very intriguing
to see how these methodologies generalize across
different languages and cultures and perform in
more diverse or complex datasets.
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Abstract

Gender inequality has been historically preva-
lent in academia, especially within the fields of
Science, Technology, Engineering, and Math-
ematics (STEM). In this study, we propose to
examine gender bias in academic job descrip-
tions in the STEM fields. We go a step further
than previous studies that merely identify indi-
vidual words as masculine-coded and feminine-
coded and delve into the contextual language
used in academic job advertisements. We de-
sign a novel approach to detect gender biases in
job descriptions using Natural Language Pro-
cessing (NLP) techniques. Going beyond bi-
nary masculine-feminine stereotypes, we pro-
pose three big groups fypes to understand gen-
der bias in the language of job descriptions,
namely agentic, balanced, and communal. We
cluster similar information in job descriptions
into these three groups using contrastive learn-
ing and various clustering techniques. This
research contributes to the field of gender bias
detection by providing a novel approach and
methodology for categorizing gender bias in
job descriptions, which can aid more effective
and targeted job advertisements that will be
equally appealing across all genders.

1 Introduction

Academic institutions in recent decades have
strived to launch several initiatives addressing di-
versity, equity, and inclusion in the hopes of making
academic gender representation more equal. How-
ever, the problem of gender bias still persists in
academia and widens particularly among STEM
fields. Casad et al. (2020) report that at the top 50
research universities in the U.S., women hold only
31% of the tenured or tenure-track faculty positions.
Cech et al. (2011) present that gender disparity in
STEM persists because of two reasons: women
leave STEM careers because they feel that their
family plans will be hindered because of their pro-
fessional lives, and due to low self-assessment of

their skills in STEM’s intellectual tasks. They intro-
duce the concept of ‘professional role confidence’,
and argue that women’s lack of this confidence,
compared to their male counterparts, reduces their
likelihood of pursuing careers in engineering.

Men and women have been found to identify
with different goals as core human motivations.
Men often relate more with agentic goals, while
women relate with communal goals (Bakan, 1996).
Agentic goals display an affinity to one’s status,
achievement, and independence, along with speak-
ing assertively, influencing others, and initiating
tasks whereas communal goals showcase a drive
to contribute to the community, connect, and share
with others.

Gaucher et al. (2011) suggest that women may
experience intimidation and barriers with job de-
scriptions that are formulated using agentic lan-
guage. They present a list of masculine-coded
and feminine-coded words that represent agentic
and communal traits, respectively, and show that
women judge jobs with a lot of agentic language as
less appealing than jobs containing communal lan-
guage. Building on Gaucher et al. (2011)’s work,
Matfield (2016) created Gender Decoder, a freely
available tool that quantifies gender bias in job de-
scriptions by counting the number of masculine and
feminine-coded words in them. This simple dictio-
nary look-up approach relies only on the frequency
of gender-coded words in the job advertisement
and does not consider the contextual meaning of
the word or how it is used in the sentence.

Current studies that deal with gender bias in
job descriptions also rely on this method of label-
ing job descriptions as gender-biased or gender-
neutral. Often, singular words are simply labeled
as masculine-coded or feminine-coded. This prac-
tice can reinforce traditional gender stereotypes.
Instead, employing terms like agentic, balanced,
and communal offers a more nuanced and inclu-
sive approach to understanding language biases.
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By categorizing job descriptions based on these di-
mensions, we move away from reinforcing gender
norms and acknowledge the diverse ways in which
individuals can express themselves and their abili-
ties. The research question that we address in this
work is centered around how we can employ more
comprehensive criteria to determine gender bias in
job advertisements, moving beyond simply identi-
fying specific masculine-coded words to label an
advertisement as biased towards masculinity?
This paper makes the following contributions to
understanding gender bias in job descriptions:

1. A novel dataset of 6,031 academic STEM
job descriptions compiled semi-automatically
using a combination of manual and web-
scraping techniques.

2. A novel methodology to label job descrip-
tions as agentic, communal, or balanced based
on their dense numerical vector representa-
tions (embeddings) obtained from sentence-
level transformer models fine-tuned with con-
trastive learning techniques.

3. Anin-depth analysis of the anatomy of job ad-
vertisements focusing on the distribution and
positioning of agentic vs. communal language
within the body of the ad.

4. A departure from the conventional practice
of categorizing job descriptions as masculine-
coded or feminine-coded, which may inadver-
tently perpetuate gender stereotypes. Instead,
we adopt a more nuanced approach employing
the neutral terminology of agentic, balanced,
and communal. This shift aims to challenge
traditional gender norms within the discourse
surrounding gender bias in job descriptions.

2 Related Work

Several research studies have addressed the gender
disparity prevalent in academic faculty positions.
According to a study by Llorens et al. (2021), cit-
ing data from the Society for Neuroscience, there
has been a notable increase in the proportion of
women applicants to PhD programs in recent years.
Specifically, the percentage of female applicants
increased from 38% in 2000-2001 to 57% in 2016-
2017, with a corresponding matriculation rate of
48% for women in the latter year. However, despite
these gains in representation among applicants and
matriculants, women only accounted for 30% of
all faculty positions in PhD programs, indicating

a significant disparity in gender representation at
the faculty level. In STEM fields, although there
has been a steady rise in the number of female can-
didates obtaining postgraduate degrees in recent
years, the representation of women in faculty posi-
tions has remained largely unchanged (Casad et al.,
2020).

Current studies related to gender in NLP have
looked at gender bias in the context of large lan-
guage models (Haim et al., 2024; del Arco et al.,
2024) and presented that LLLMs are biased unfa-
vorable for females. In this work, we use NLP to
assess gender bias at the beginning of the hiring
cycle - in job descriptions. A significant contribut-
ing factor to the gender disparity in academia is the
significant lack of gender diversity within applicant
pools. The initial point of contact between aca-
demic employers and job seekers typically occurs
through job postings. Research indicates that the
content and language used in job postings play a
crucial role in influencing an applicant’s decision
to apply for a particular position (Feldman et al.,
2006). Gaucher et al. (2011) found that job de-
scriptions in male-dominated fields tend to contain
words associated with masculine stereotypes more
frequently than those in female-dominated fields.
They demonstrated that job advertisements featur-
ing more agentic language were perceived to be
more suitable for men, making these positions less
appealing to women candidates.

Wan et al. (2023) draw inspiration from so-
cial science findings and propose Language
Agency as a metric for gender bias evaluation in
LLM-generated professional documents. They
present,"Bias in language agency states that women
are more likely to be described using communal
adjectives in professional documents, such as de-
lightful and compassionate, while men are more
likely to be described using “agentic” adjectives,
such as leader or exceptional”. Through their find-
ings, they reveal that ChatGPT generates reference
letters with biased levels of language agency for
male and female candidates. When describing fe-
male candidates, ChatGPT uses communal phrases
such as “great to work with”, “communicates well”,
and “kind”. On the other hand, the model de-
scribes male candidates as being more agentic, us-
ing phrases such as “a standout in the industry”” and
“a true original”. Through their study, Wan et al.
(2023) demonstrate that there is a distinct differ-
ence in the way males and females are described in
terms of language agency.
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Different studies have referred to the concept
of language agency to evaluate job descriptions
as masculine or feminine coded. Oldford and
Fiset (2021) have followed Gaucher et al. (2011)’s
method of annotating job descriptions using a dic-
tionary look-up approach. They focused on clas-
sifying finance internship job postings based on
masculine and feminine words, as well as evaluat-
ing the text based on the percentage of adjectives
and verbs that are either agentic (e.g., overcomes,
confident, etc.) or communal (e.g., aided, loyal,
etc.). Their finding revealed that women exhibit
greater goal congruity, leading to enhanced moti-
vation and a greater sense of fit when job postings
are high in communal language and low in agentic
language.

Tang et al. (2017) adopt the approaches used
by Textio! and Unitive?, two recruitment assistant
services dedicated to promoting inclusivity in job
advertisements, to detect gender bias in job descrip-
tions. They observe and adapt the techniques of
both these services and introduce two metrics: Gen-
der Tone and Gender Target to assess gender bias in
the advertisement. Gender Target follows Textio’s
method and calculates the occurrences of gendered
words in the ad, with masculine and feminine terms
offsetting each other. Meanwhile, Gender Tone as-
signs a weight to gendered words based on their
specificity, with the cumulative weights reflecting
the overall gender tone of the ad.

Most of the works that evaluate gender bias in
job descriptions (Bernstein et al., 2022; Born and
Taris, 2010; O’Brien et al., 2022; Frissen et al.,
2022; Oldford and Fiset, 2021; Read et al., 2023;
Sella et al., 2023; Zhu et al., 2021), rely on the fre-
quency of individual gender-coded words to assess
gender bias in job advertisements, neglecting to
explore the contextual positioning of these words
within the advertisements. This limitation is note-
worthy as it overlooks the nuanced interplay be-
tween language and context in conveying bias or
its absence.

For instance, consider the following two sen-
tences, which illustrate the importance of analyzing
the contextual meaning of gender-coded words to
detect gender bias: "We want a competitive member
to join our team" and ""We offer competitive remu-
neration." In both sentences, the word "competi-
tive" is used. However, the first sentence implies

"https://textio.com/products/recruiting
2https://unitive.org/

a competitive environment or culture, potentially
favoring traits typically associated with agentic lan-
guage. In contrast, the second sentence simply indi-
cates that the compensation provided is competitive
in the market, without implying any specific gender-
related traits or preferences. These examples show
that examining the context in which these words are
employed allows for a more accurate assessment
of whether gender bias is present and facilitates a
clearer understanding of the intended message.

3 Methodology

This section provides an overview of the method-
ology employed to address the research questions
outlined in Section 1. Figure 1 presents a summary
of these steps.

3.1 Data Collection

In this work, we build a novel dataset of aca-
demic job descriptions centered on STEM sub-
jects, addressing a notable gap in the current
literature. Our dataset comprises 6,031 metic-
ulously curated academic STEM job advertise-
ments. The job advertisements were collected
semi-automatically® from several academic job
databases, including HigherEdJobs,* TimesHigh-
erEducation,’ Jobs.ac.uk,® AcademicJobsOnline,’
and The Chronicle of Higher Education.® The job
advertisements were collected from regions span-
ning the globe, encompassing the United States,
Europe, Asia, and Australia. Figure 2 shows an
example of an academic job advertisement in our
dataset.

3.2 Data Cleaning and Preprocessing
3.2.1 Standardization

We wanted to avoid clustering job advertisements
based on the universities or titles advertised and
focus on possible gender bias in the text, so we
decided to replace the names of universities and
academic positions with standard tokens, making
these uniform across all the job advertisements. To
ensure uniformity in job descriptions, we replaced
named entities (universities, organizations) and aca-
demic job titles with standardized tokens <ORG>
and <TITLE> respectively.

3Using Python’s beautifulsoup library
*https://www.higheredjobs.com/faculty/
Shttps://www. timeshighereducation.com/unijobs/
6http: //Jobs.ac.uk
"https://academicjobsonline.org/
8https://jobs.chronicle.com/
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Figure 1: Overview of the methodology to analyze gender bias in job advertisements

Assistant Professor of Physiology - Texas A&M Interna-
tional University - Texas A&M International University
(TAMIU) is a comprehensive regional university and
part of The Texas A&M University System. Poised at the
Gateway to Mexico and serving as the cultural and intel-
lectual hub of a vibrant multilingual and multicultural
community, it is also a designated Hispanic-serving in-
stitution (HSI). Qualified applicants should possess a
Ph.D. or equivalent terminal degree in physiology or a
related field. Candidates should demonstrate a strong
commitment to teaching, scholarly research, and service
to the university and community. Additionally, candi-
dates with experience in mentoring and supporting un-
derrepresented students are highly encouraged to apply.

Figure 2: Example of a job advertisement

3.2.2 Text Preprocessing

We employed a range of text preprocessing tech-
niques to refine the job descriptions for subsequent
analysis, which included:

* Removing HTML tags

» Replacing hyperlinks with a placeholder term
("LINK")

* Converting HTML entities such as " " and "&"
to their corresponding characters

* Substituting currency symbols like "$" with
their corresponding term (“$” to "dollar”)

* Eliminating numerical values

Then, the preprocessed job descriptions were
tokenized into individual sentences to allow a more
fine-grained approach to identifying gender bias
within lengthy job descriptions. Furthermore, we
filtered out sentences that indicated technical skills
by examining the presence of subject names and
technical terms commonly associated with STEM
disciplines that we observed in the dataset.’

9Programmin‘g, Physics, Bio*, Chemistry, Mechanic*,
Electronic*, Volcanology, Math*, Statistics, Crystallography,
Spectroscopy, Engineering, Electrochemistry, Machine, Ge-
olog*, Robot*, Stata, Python, C++, Lab*, Software, Unix,
Linux, Java, Python.

3.3 Contrastive Learning for Sentence Level
Representation

We get the embeddings of the sentences extracted
from the job descriptions using the SentenceTrans-
formers framework (Reimers and Gurevych, 2019).
The specific SentenceTransformer model used to
obtain the embeddings was all-mpnet-base-v2,
which was fine-tuned by its authors using a con-
trastive learning objective. The model was trained
during 100k steps using a batch size of 1024. The
sequence length was limited to 128 tokens, and
the AdamW optimizer was used with a 2e-5 learn-
ing rate. For the fine-tuning, the cosine similarity
was computed from each possible sentence pair
from the batch, and then the cross entropy loss was
applied by comparing with true pairs.

In our context, the SentenceTransformers model
generates similar embeddings for sentences with
similar meanings or contexts and dissimilar em-
beddings for sentences with different meanings or
contexts. Figure 3 presents a simple diagram of
how SentenceTransformers models fine-tune em-
beddings using a contrastive learning objective.

The embedding of the following sentences
“strong analytical, technical and problem-solving
skills” and “strong drive, motivation, and ambition,
with the capacity to deliver on challenging tasks
and to meet deadlines individually and as part of
a team” displaying agentic language are similar
with a cosine similarity score of 0.72. While the
similarity between the ones for “strong analytical,
technical and problem-solving skills” which repre-
sents agentic language, and “strong willingness to
mentor and guide undergraduate and graduate stu-
dents” reflecting communal traits is smaller with a
cosine-similarity score of 0.41. This highlights the
model’s capability to capture subtle linguistic cues
and biases.

3.4 Sentence Level Labeling

Once the embeddings of the sentences were ob-
tained, we applied the K-means clustering algo-
rithm with k=3 to group them into three main clus-
ters. Our K-means model utilizes these embed-
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Figure 3: Contrastive learning used to fine-tune sparse embedding

dings as input and assigns a cluster label to each
embedding, denoted as agentic, communal, or bal-
anced. To ensure the reproducibility of results, we
employed a random seed of 42. Sentences repre-
senting agentic traits, such as assertiveness, ambi-
tion, and self-reliance, are likely to end up within
clusters characterized by shared linguistic patterns
and thematic content. Conversely, communal sen-
timents, emphasizing collaboration, empathy, and
inclusivity, may converge in distinct clusters re-
flecting their unique semantic profiles. Addition-
ally, neutral or balanced sentences, which exhibit a
combination of agentic and communal traits or lack
strong alignment with either category, may also be
identified and clustered accordingly.

3.5 Job Level Labeling

Our primary objective is to categorize an entire
job description as either agentic, communal, or
balanced, rather than focusing solely on individual
sentences. To achieve this, we explore 2 distinct
techniques (T1-T2).

Technique 1 (T1): Dictionary Look-up Method
For every job ad, we count the number of
masculine-coded and feminine-coded words as de-
fined by Gaucher et al. (2011). If a job advertise-
ment contains more masculine-coded words than
feminine-coded ones, it is labeled as agentic. Con-
versely, if it contains equal masculine and feminine-
coded words, it is labeled as balanced. Finally, if
it has fewer masculine-coded words than feminine-
coded ones, it is designated as communal.

Technique 2 (T2): Embedding-based Method
In order to transition from sentence-level to job-
level labeling, we compute the average embedding
of each job description from the sentence-level em-
beddings. We then use the k-means clustering al-
gorithm to assign each job advertisement to one of
the agentic, balanced, or communal clusters.

4 Evaluation, Results, and Analysis

In this section, we present an analysis and visual-
ization of the clustering model, evaluate its perfor-

mance, and examine sentence-level label distribu-
tions within job advertisements.

4.1 Cluster Model Analysis via Visualization

The clusters were visualized using two dimension-
ality reduction techniques, namely: Principal Com-
ponent Analysis (Mackiewicz and Ratajczak, 1993)
and t-distributed Stochastic Neighbor Embedding
(van der Maaten and Hinton, 2008). Figure 4 shows
that the PCA visualization reveals a notable degree
of separability between the three clusters, indicat-
ing discernible patterns or structures within each
group. Similarly, the t-SNE visualization demon-
strates a distinction among the three clusters. How-
ever, it’s worth noting that the separations are not
entirely distinct, particularly given that the sen-
tences originate from the same domain (job de-
scriptions).

PCA Visualization t-SNE Visualization

Cluster Assignments

6
-06 -04 -02 00 02 04 06 -10 -5 0 5 10

Figure 4: PCA and t-SNE visualizations of clusters

4.2 Cluster Model Evaluation

To evaluate the performance of our clustering
model, we measured the cluster cohesion and sepa-
ration. We used two metrics: The Davies-Bouldin
Score (DBS) and the Calinski-Harabasz Index
(CHI) (Pedregosa et al., 2011). We obtained a DBS
of 4.03 suggesting that while there is some degree
of clustering present, it is not optimal. This sug-
gests potential overlaps or inconsistencies within
the clusters. Such findings were anticipated given
that the clustering was conducted on sentences orig-
inating from the same domain. On the other hand,
we obtained a CHI score of 787.02, indicating
strong clustering with clear separation.
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Word Coding Cluster 0 Cluster 1 Cluster 2
Masculine 5.38% 2.82% 1.55%
Feminine 1.26% 2.20% 3.81%

Table 1: Gender-coded word distributions

Distribution of Agentic, Balanced, and Communal Sentences Across Job Ads

100 Agentic
Balanced
Communal

80

60

40

Percentage of Sentences

0 1000 2000 3000 4000 5000 6000
Number of job Ads

Figure 5: Distribution of agentic, balanced, and commu-
nal sentences across job ads

4.3 Cluster Naming

Upon obtaining the three clusters, we discerned a
notable disparity in the distribution of Gaucher et al.
(2011)’s gender-coded words across clusters. Us-
ing the statistics in Table 1, we mapped clusters 0,
1 and 2, to our definitions of agentic, balanced, and
communal clusters, respectively. Cluster agentic
has the highest concentration of masculine-coded
words, followed by cluster balanced and cluster
communal, in descending order. Cluster communal
has the highest concentration of feminine-coded
words suggesting a lesser emphasis on language
traditionally linked with masculinity. Cluster bal-
anced falls in between the other two clusters re-
garding the presence of gender-coded words.

4.4 Sentence-Level Label Distributions

Figure 5 shows the distribution of labeled sentences
across job ads in our dataset. Communal sentences
tend to make up the smallest proportion, with most
job ads containing less than 20% of such sentences.
Agentic sentences appear to account for roughly
20% to 40% of sentences. Balanced sentences are
the most prevalent, commonly constituting over
40% to 60% of total sentences. Figure 6 provides
representative examples of sentences from each of
the identified clusters. Notably, the prevalence of
balanced sentences within job ads suggests that a
significant portion of the text is focused on con-
veying domain-specific responsibilities and techni-
cal requisites. Agentic sentences focus more on
agentic personality traits such as independence,

Agentic

Are you an exceptional candidate?

ability to work in a fast-paced environment.

other desirable attributes: self-motivated, organized,
meticulous, efficient, and flexible.

Balanced

Australian National University - Senior Lecturer in bio-
logical chemistry to further expand our capabilities, we
are seeking candidates with expertise in protein chemistry,
structural biology, biochemistry, biocatalysis, biophysics
and/or protein engineering

We are seeking for a motivated post-doctoral fellow to
work on funded research project aimed at deciphering
the roles of moap- in cellular senescence and ageing-
associated disorders in liver.

Skills: ph.d. degree in organization biology or other re-
lated fields is preferred.

Communal

The school of computing, engineering & organization
holds a silver athena swan award in recognition of our
commitment to advancing gender equality.

We are committed to building and maintaining a fair and
inclusive working environment and we would be happy to
discuss arrangements for flexible and/or blended working.
Ability to mentor undergraduate, master’s and PhD stu-
dents

Figure 6: Examples of sentences from each cluster ac-
cording to sentence level labeling

Method Agentic Balanced Communal
T1 59.08% 16.1% 24.82%
T2 2094%  79.02% 0.04%

Table 2: Distribution of Job Ads by Method

self-motivation, and assertiveness. Communal sen-
tences tend to focus more on skills directed at con-
tributing to society and the environment.

4.5 Job-Level Labeling: Analysis and Results

In this section, we explore the results of applying
our two distinct techniques aimed at labeling job
advertisements (T1 and T?2).

4.5.1 T1: Dictionary Look-up Method

Table 2 presents the outcomes of using Technique
1 (T1) to assign a single label to each job adver-
tisement. Agentic-labeled job ads constitute the
most prevalent category, followed by communal
and balanced-labeled advertisements. It is impor-
tant to note that this approach, while straightfor-
ward, primarily relies on counting words and may
not provide the most accurate or nuanced under-
standing of gender coding in job ads.
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Agentic

Australian National University - Senior Lecturer in Bio-
logical Chemistry. To further expand our capabilities, we
are seeking candidates with expertise in protein chemistry,
structural biology, biochemistry, biocatalysis, biophysics
and/or protein engineering. Are you an exceptional can-
didate? Can you demonstrate that, relative to your career
stage: you are, or have the potential to become, a world-
class researcher in biological chemistry, with strong, in-
dependent research programs funded by external grants;
your research and teaching reflect the latest advances in
their fields, with a clear commitment to teaching excel-
lence; you are interested in dimensions beyond research
and teaching; for example, public outreach, engaging with
industry, science communication or tertiary science ped-
agogy, you are collaborative and collegial, and will be
accessible to colleagues, research students and undergrad-
uates; and you have a high-level understanding of and
commitment to the principles of inclusion, diversity, eq-
uity and access in a University context.

Balanced

We are one of the most diverse and vibrant universities in
the global capital. Our pioneering and forward-thinking
vision is making a positive and significant impact to the
communities we serve, inspiring both our staff and stu-
dents to reach their full potential. We are seeking new col-
leagues to join in the Department of Bioscience lecturing
in Pharmaceutical Science (BSc and MSc) and Pharma-
cology (BSc). Working as part of a dynamic team, you will
teach and develop our modules, contribute to the design
and delivery of our existing and new undergraduate and
postgraduate programmes. You will be encouraged and
supported to either join one of the ongoing research pro-
grammes or to initiate your own and to embrace our ethos
of research-informed teaching. You will have BSc, MSc and
PhD qualification in the appropriate discipline, as well
as experience of teaching and/or student supervision in
higher education as well as a strong commitment to the
student experience.

Communal

Assistant Professor of Physiology - Texas A&M Interna-
tional University - Texas A&M International University
(TAMIU) is a comprehensive regional university and part
of The Texas A&M University System. Poised at the Gate-
way to Mexico and serving as the cultural and intellectual
hub of a vibrant multilingual and multicultural com-
munity, it is also a designated Hispanic-serving institu-
tion (HSI). Qualified applicants should possess a Ph.D. or
equivalent terminal degree in physiology or a related field.
Candidates should demonstrate a strong commitment to
teaching, scholarly research, and service to the university
and community. Additionally, candidates with experience
in mentoring and supporting underrepresented students
are highly encouraged to apply.

Figure 7: Job ad examples from each T2 cluster

4.5.2 T2: Embedding-based Method

The results of assigning single labels to the jobs
using T2 are presented in Table 2. The predom-
inance of balanced labels highlights a prevalent
use of language that combines agentic and com-
munal traits or lacks strong alignment with either
category. Figure 7 displays examples of job ad-

vertisements that were labeled using T2 from each
cluster. The language in the agentic-labeled job
description does not highlight why the university
might be an appealing employer for potential can-
didates, and uses superlative language, seeking ’ex-
ceptional’ candidates who have the 'potential to
become world-class researchers,’. In contrast, the
job description labeled as balanced includes text
that promotes the university. Additionally, this job
advertisement provides specific details about the
roles, focusing on areas such as Pharmaceutical
Science and Pharmacology. The job description
labeled as communal emphasizes mentorship and
community engagement, using phrases like "ser-
vice to the university and community."

4.6 Nuanced Analysis of Bias within Job
Advertisements

We conducted two distinct analyses to explore gen-
der bias in job advertisements more thoroughly
with the primary goal of pinpointing the sections
of an advertisement where bias is most prevalent.
This comprehensive approach allows us to identify
specific segments of the ads where gender bias may
be most pronounced. In the first analysis, we di-
vided the advertisements into two main segments
(Section 4.6.1), and in the second, we divided them
into three parts (Section 4.6.2). This segmentation
is informed by the typical structure of job ads in
STEM.

4.6.1 Analyzing Clusters in Halved Job
Advertisements

We divided each job advertisement in our dataset
into two distinct parts: the top and bottom sections.
The top part typically introduces the university and
outlines the position’s title. Meanwhile, the bottom
part typically details the specific skills and qualifi-
cations required for the position. Subsequently, we
examined how the three categories were distributed
across these sections to gain insights into how gen-
der bias may manifest differently across various
sections of the ad. Results are reported in Figure 8.

Figure 8 indicates that agentic language is more
prevalent in the bottom part of job descriptions
compared to the top part. The frequency of com-
munal language follows a similar pattern, although
with significantly lower occurrences overall. These
findings suggest a shift in language use from the
beginning to the end of job descriptions, with the
latter sections exhibiting a higher prevalence of
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No. of Jobs by Halves of Average Embeddings

(a) Top Half: Balanced

5151 -~
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Balanced
Communal
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Top Part Bottom Part
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Figure 8: Distribution of agentic, balanced, and commu-
nal labels across the top and bottom parts of the job ads

both agentic and communal language.

Examples of labels assigned to halves of the
same job advertisement are provided in Figure 9(a).
The top part of the job description predominantly
contains balanced language, focusing on aspects
such as technical skills and domain-specific infor-
mation about a position in the data science field.
In contrast, the bottom part of the job description
exhibits a shift towards communal language, as
evidenced by statements emphasizing community
engagement, mentoring opportunities, and diversity
initiatives.

In Figure 9(b), both parts of the job advertise-
ment have been labeled as agentic. Both parts
of this job advertisement focus less on domain-
specific information about the position and more
on the qualities and personality traits desired in the
candidate. They do not convey much information
about the university/organization offering the post
but describe in superlative terms the qualities they
seek in potential candidates.

4.6.2 Analyzing Clusters in Thirds of Job
Advertisements

Each job description was segmented into three
equal parts, with a label assigned to each section.
As shown in Figure 10, the initial part predomi-
nantly exhibits balanced language. However, as
the description progresses, there is a gradual tran-
sition from balanced language to increasingly pro-
nounced agentic language towards the conclusion.
Likewise, the frequency of jobs labeled as commu-
nal also increases in the latter third of the descrip-
tion but is always less than the agentic class.
Figure 11(a) shows examples of three parts of

Details of the post: applicants must have completed a de-
gree before the appointment in a data science field, which
may include computer science, applied mathematics, orga-
nization, operations research, or a related field, they must
demonstrate capabilities for writing code (python or r),
basic knowledge in mathematical modelling, and prior ex-
perience using libraries in statistics, machine learning, or
operations research. The position is funded by a research
grant.

(a) Bottom Half: Communal

We will offer a competitive salary depending on qualifica-
tions and full access to the lbs environment. The candi-
date will benefit from the resources of the mso community,
which includes interactions with faculty and phd students,
mentoring opportunities, access to research seminars, etc.
We are an equal opportunities employer, and as such, we
welcome applications from women, black and other ethnic
minority candidates who are under-represented in our

faculty.

(b) Top Half: Agentic

About you: you will possess (or be near to completing) a
relevant phd or equivalent qualification/experience in a re-
lated field of study, which may include (but is not restricted
to) mathematics, physics, computer science, biophysics or
engineering, you will be a nationally recognised authority
in mathematical modelling or computer simulation, you
are required to be motivated and demonstrate excellent
knowledge of the topic, possess excellent problem solving,
interpersonal and communication skills and a collabo-
rative spirit, combined with an ability to think carefully
about your research.

(b) Bottom Half: Agentic

In addition, you will: organization sufficient specialist
knowledge in the discipline to develop/follow research pro-
grammes and methodologies, have a record of research
output in high quality publications, have excellent written
and verbal communication skills, have a record of active
participation of a member of a research team, ’be able to
communicate complex and conceptual ideas to a range of
groups, provide evidence of the ability to collaborate ac-
tively both internally and externally to complete research
projects and advance thinking, be able to participate in
and develop internal and external research networks, be
able to balance the pressures of research, administrative
demands and competing deadlines, be willing to work
[flexibly to achieve project demands.

Figure 9: Job ads with differently labelled halves

a job advertisement annotated separately. In this
table, the first two parts of the job description de-
scribe domain-specific knowledge, while the last
part describes agentic personality traits such as
goal-oriented performance and motivation.

Figure 11(b) highlights the segmentation of the
job advertisement into three parts. The initial two
sections primarily outline technical skills and qual-
ifications. The final part, labeled as communal,
focuses on how candidates can contribute to and
benefit from the academic community within the
organization.
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Research Assistant in data-driven methods for energy sys-
tems modelling and optimisation - we seek to recruit a
highly motivated candidate with proven intellectual and
technical ability to conduct research in the area of mod-
elling energy supply systems and energy demand.

(a) Second Third: Balanced

The candidate will contribute to an on-going research
activities in organization and supply) that concern estimat-
ing temporal and spatial energy demand (e.g. electricity,
heating and cooling) in buildings in the uk under selected
decarbonisation scenarios, and developing physics-aware
organization methods for optimising the operation of inte-
grated energy networks.

(a) Last Third: Agentic

Second Part Third Part

Job Ads divided into 3 parts

First Part

Figure 10: Distribution of agentic, balanced, and com-
munal labels across job ad divided into 3 parts

5 Conclusion and Outlook

In this work, we not only identify the presence of
gendered language but also highlight the sections
of job ads where this language is most prevalent,
offering targeted opportunities for intervention. We
also carried out an analysis of our labeled dataset
which revealed that agentic language is more fre-
quently used than communal language, potentially
perpetuating gender stereotypes that favor male
applicants. However, balanced sentences that com-
bine traits or lack strong alignment with gendered
categories are the most common, suggesting an
evolving landscape of job descriptions that attempt
to be more inclusive.

Despite these efforts, our analysis shows a sig-
nificant representation of agentic language, par-
ticularly in part of the ads where candidates are
described. This suggests that, while job descrip-
tions are evolving, there is still a tendency to favor
language that might discourage some potential fe-
male applicants. The use of communal language,
while present, is significantly lower, highlighting a
continued area for improvement in how job roles
are communicated to attract a more diverse appli-
cant pool. Our findings should encourage academic
institutions to critically assess and revise their job
advertisements.

There are several potential areas that could be
explored to further develop the contributions of
this research. Future work could focus on con-
ducting a qualitative research study that builds on
Gaucher et al. (2011)’s study to survey participants
in academia and explore how the participants de-
scribe gender bias in job advertisements. Moreover,
an important direction for future research is to ana-

An ideal candidate would be a self-starter and a resource-
ful team-player with an appetite for working with the
industry. The successful candidate will also contribute to
the overall research performance of organization, carrying
out research leading to the publishing of work. Candidates
should also pursue excellence in research and inspire oth-
ers to do the same.

(b) First Third: Balanced

Fully funded postdoctoral position and details of the post:
applicants must have completed a phd before the appoint-
ment in operations research/management, computer sci-
ence, applied mathematics, econometrics, or a related field.
They must demonstrate strong capabilities for conducting
original theoretical or applied research using tools from:
algorithm design, stochastic modelling, market design, or
machine learning.

(b) Second Third: Balanced

The position is funded by a research grant. The term is one
or two years, extensible subject to continued satisfactory
performance. We will offer a competitive salary and full
access to the lbs environment.

(b) Last Third: Communal

The postdoctoral fellow is expected to contribute and
benefit from the resources of the mso community, which
includes interactions with faculty and phd students, men-
toring opportunities, organisation of reading groups, and
training sessions. We are an equal opportunities em-
ployer, and as such, we welcome applications from women,
black and other ethnic minority candidates who are under-
represented in our faculty.

Figure 11: Job ads with differently labelled thirds

lyze the impact of language transitions within job
descriptions on potential candidates. Studies show
that readers often lose focus towards the end of doc-
uments (Duggan and Payne, 2011), which might
influence how they perceive job descriptions that
transition from balanced to agentic or communal
language. Investigating whether the final part of a
job description using agentic language deters candi-
dates who identify with communal traits could offer
valuable insights into optimizing job ad structures
to attract a diverse applicant pool.

Additionally, considering the global scope of the
collected job descriptions, it would be valuable to
investigate the role of cultural factors in clustering
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the three types of languages—agentic, communal,
and balanced. Understanding how cultural contexts
influence the use of gendered language in job de-
scriptions could provide deeper insights into the
patterns observed.

The research also has certain limitations that
should be acknowledged. Firstly, identifying and
quantifying gender bias in text is an inherently com-
plex and challenging task. The interpretation of
gender bias is subjective and varies among readers
of job descriptions. Secondly, the dataset used for
analysis contains job descriptions from a specific
point in time, which poses issues related to the rep-
resentativeness of the training data. Additionally,
the techniques of labeling gender bias used in this
study face certain challenged relating to the the reli-
ability of the resulting clusters. Averaging sentence
embeddings, while beneficial for capturing general
trends, may overlook specific contextual nuances,
potentially leading to inaccuracies in job ad classi-
fication. The distinctions between agentic, commu-
nal, and balanced language are not always clear-cut,
which could lead to occasional misclassifications.
These limitations underscore the importance of re-
fining and validating the methodology to enhance
its accuracy and reliability in future applications.

Bias Statement

In this research, we focus on identifying and ad-
dressing gender bias in academic job descriptions,
particularly within STEM fields. The bias we in-
vestigate revolves around the use of language that
implicitly favors certain gendered traits (agentic
or communal) over others, thereby influencing the
perceived suitability of job positions for individuals
of different genders.

Representational harms occur when job descrip-
tions portray certain gender groups more favorably
or even more often than others, reinforcing stereo-
types and potentially dissuading individuals from
underrepresented genders from applying. Through
this research, we saw that most academic job de-
scriptions make use of agentic language when de-
scribing ideal candidates. The imbalance in the dis-
tribution of agentic and communal language within
job advertisements can lead to differences in how
these positions are perceived by potential appli-
cants. Women, who often identify more with com-
munal goals, may be discouraged from applying
to positions that heavily emphasize agentic lan-
guage. This not only limits their opportunities for

career advancement but also perpetuates gender
disparities within academia. By recognizing and
addressing bias at its source, we strive to create a
more equitable environment that fosters diversity
and empowers individuals of all genders to pursue
careers in STEM fields.

Finally, we argue that the binary representation
used by Gaucher et al. (2011) and its associated
gender stereotypes, which are prevalent in the field,
are harmful and should be strongly opposed. We
acknowledge that there may be other minority di-
mensions of analysis, beyond agentic and commu-
nal, that are yet to be uncovered, and hope our work
contributes to opening these areas of inquiry.
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Abstract

Relation Extraction (RE) is at the core of many
Natural Language Understanding tasks, includ-
ing knowledge-base population and Question
Answering. However, any Natural Language
Processing system is exposed to biases, and
the analysis of these has not received much at-
tention in RE. We propose a new method for
inspecting bias in the RE pipeline, which is
completely transparent in terms of interpretabil-
ity. Specifically, in this work we analyze bi-
ases related to gender and place of birth. Our
methodology includes (i) obtaining semantic
triplets (subject, object, semantic relation) in-
volving ‘person’ entities from RE resources,
(ii) collecting meta-information (‘gender’ and
‘place of birth’) using Entity Linking technolo-
gies, and then (iii) analyze the distribution of
triplets across different groups (e.g., men ver-
sus women). We investigate bias at two levels:
In the training data of three commonly used RE
datasets (SREDF M CrossRE, NYT), and in the
predictions of a state-of-the-art RE approach
(ReLiK). To enable cross-dataset analysis, we
introduce a taxonomy of relation types map-
ping the label sets of different RE datasets to
a unified label space. Our findings reveal that
bias is a compounded issue affecting underrep-
resented groups within data and predictions for
RE.

1 Introduction

Language technologies are widely spreading
throughout our everyday life. However, it has
been demonstrated that these technologies are of-
ten affected by the presence of gender and racial
biases (Kurita et al., 2019; Tan and Celis, 2019).
“Bias” is a cover term for a number of issues, which
according to Hovy and Prabhumoye (2021) may
emerge at any stage of the Natural Language Pro-
cessing (NLP) pipeline. They could come from
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the data curation process (Sap et al., 2019), be in-
trinsic into the trained model (Zhao et al., 2017),
or they could derive from the cultural background
of NLP practitioners (Santy et al., 2023). An or-
thogonal taxonomy of biases distinguishes between
allocative and representational ones (Suresh and
Guttag, 2021). Allocative biases regard the un-
equal distribution of opportunities across different
groups, such as disparity in granting loans (Hardt
et al., 2016) or the systematic exclusion of certain
minorities from public archives (Weathington and
Brubaker, 2023). Representational biases focus on
stereotypical associations between groups and cer-
tain features (Caliskan et al., 2017) (e.g., women
and lexicon about marriage and parenthood). Blod-
gett et al. (2020) show that existing works in NLP
mainly focus on representational biases while the
allocative ones are often overlooked.

In this context, Relation Extraction (RE) tech-
niques represent a powerful tool to jointly explore
the two types of bias described above. RE meth-
ods extract fine-grained triples from texts (sub-
ject, object, and the semantic relation connecting
them), allowing for the discovery of gaps in digital
archives. Previous work performed event extrac-
tion on Wikipedia biographies to study the presence
of systematic gender biases in this archive (Sun
and Peng, 2021; Stranisci et al., 2023). Gaut et al.
(2020) collected a distantly supervised dataset from
Wikipedia for exploring gender bias in RE, but they
only include four relation types (‘spouse’, ‘hyper-
nym’, ‘birthDate’, ‘birthPlace’). Despite this pre-
liminary work, standards for the adoption and eval-
uation of RE techniques for bias detection are still
missing and are limited to the analysis of gender.
Furthermore, before using RE for bias detection
there is the pressing need to explore whether these
systems portray any themselves.

In this paper, we explore the presence of biases
in RE, both at the level of data (by analyzing the
training data) and model (by analyzing the model
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part of artifact the Hugo Award in 1966.
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Roger Zelazny
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WIKIDATA
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sex or gender: male
place of birth: Euclid

Figure 1: Overview of our Proposed Methodology. The first step aligns the label sets of different RE datasets into
a unified taxonomy of relation types. In the second step, we extract semantic triplets including ‘person’ entities.
Within the third step, we collect socio-demographic information from Wikidata of the people extracted in the second
step. Finally, in the last step we analyze potential allocative and representational imbalances in the distribution of
the extracted information (entities and relations) across different social groups (e.g., men versus women).

predictions). We illustrate our procedure in Fig-
ure 1. As a first step, in order to enable cross-
dataset analysis, we introduce a taxonomy of re-
lation types mapping the label sets from different
RE datasets into a unified label space. Then, as
a second and third steps we collect information
about people mentioned in a text. This includes
semantic relations involving people (from RE), and
meta-information related to them (i.e., ‘gender’ and
‘place of birth’; using Entity Linking). As a last
step, we explore the allocative and representational
biases by inspecting potential imbalances into the
distribution of the extracted triples across different
groups (e.g., men versus women). Concretely, we
investigate if any relation type (e.g., member, con-
tributes) is more likely associated with one social
group (more details in Section 5). We repeat our
procedure both on the training sets on three widely
adopted RE datasets: SRED'™ (Huguet Cabot
et al., 2023), CrossRE (Bassignana and Plank,
2022a), NYT (Riedel et al., 2010); and on the
predictions of a state-of-the-art RE approach, Re-
LiK (Orlando et al., 2024).

Not only do our findings corroborate existing
research regarding the prevalence of gender biases
in RE but they also broaden the discourse by un-
covering biases along additional dimensions, such
as origin. To our knowledge, this is the first in-
vestigation that examines bias through the lens of
transfer learning and reveals the nuanced effects of
simplistic interventions like data balancing. While
such strategies may reduce biases for certain target

groups, they can inadvertently introduce new bi-

ases, underscoring the necessity for a more sophis-

ticated, multi-axial approach for bias mitigation.
The contributions of this paper are:

* We introduce a meticulous bias analysis proce-
dure for RE designed to be applicable across
various dimensions, addressing both dataset
and model-level biases.

* An in-depth analysis of biases related to ‘gen-
der’ and ‘place of birth’ in the train sets of
three widely adopted RE datasets and on the
predictions of a SotA RE model on those.

* A taxonomy of relation types mapping the
label sets of different RE datasets into a uni-
fied label space. The taxonomy makes our
approach robust and versatile, and opens to
cross-dataset analysis.

2 Related Work

Sun et al. (2019) and Blodgett et al. (2020) em-
phasize current issues in the research about bias
detection and mitigation. The first presents a sur-
vey aimed at identifying research directions for
gender bias detection, while the second criticizes
how research in bias detection and mitigation is
usually conducted. In order to make explicit poten-
tial biases in NLP, Bender and Friedman (2018) and
Mitchell et al. (2019) propose to better document
datasets and Language Models (LMs) respectively.
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Some works released ad-hoc datasets to explore
bias detection. Zhao et al. (2018) presented Wino-
Bias, a dataset for coreference resolution aimed at
testing stereotypical associations between women
and certain types of profession. Nadeem et al.
(2021) introduced StereoSet, for testing the pres-
ence of stereotypical knowledge in LMs while
Gehman et al. (2020) released Real ToxicityPrompt,
a list of annotated prompts that is intended to mea-
sure the toxicity of text generated by LMs. Kir-
itchenko and Mohammad (2018) presented the Eq-
uity Evaluation Corpus, designed to measure gen-
der and racial biases in models trained for senti-
ment analysis.

Several work on bias analysis focuses on in-
specting the internal representation of NLP models.
Caliskan et al. (2017) proposed two metrics for bias
detection from word embeddings; May et al. (2019)
from sentence encoders; and Kurita et al. (2019)
from contextualized word embeddings. More re-
cent approaches in this direction use probing strate-
gies (Lauscher et al., 2022; Koksal et al., 2023).
However, the outcome of these methods is often
hard to interpret because of the black box nature of
neural models. In order to prioritize interpretabil-
ity of the results and obtain a more transparent
bias analysis, we propose a new procedure for bias
detection in RE technologies, which is applicable
both at the level of data and model.

3 Methodology

We introduce a four-step procedure for detecting
biases related to ‘gender’ and ‘place of birth’ in the
Relation Extraction pipeline (see Figure 1). The
method can be easily extended to explore other
socio-demographic biases.

(D First, we align the label spaces of different
RE datasets using a unique taxonomy of relations
with the aim of performing comparable analysis
across corpora (details in Section 3.1).

Q) As a second step, we employ Relation Ex-
traction in order to gather triplets (subject, object,
relation) about people mentioned in a text. This can
be done by filtering the triplets in which at least one
of the two entities has type ‘person’. We leverage
the triplets in labeled training sets as well as in the
predictions of systems trained using them.

(3 We collect socio-demographic data about peo-
ple that are included in the biographical triplets
extracted in step (2). We use Entity Linking (EL)
to disambiguate the entity spans with type ‘per-

son’ and link them to Wikidata (Vrandeci¢ and
Krotzsch, 2014) entries. We collect two types
of meta-information from Wikidata: ‘gender’ and
‘place of birth’.

(4 Last, given the triplets extracted in the second
step and the socio-demographic information col-
lected in the third step, we conduct bias analysis by
investigating any imbalance in the distribution of
relations across different social groups (e.g., men
versus women). Since it has been demonstrated that
biases may occur at any stage of the NLP pipeline
(Hovy and Prabhumoye, 2021), we applied our pro-
cedure for assessing the presence of biases both on
the corpora used for training RE models and on the
entities and relations predicted by them. Specifi-
cally, we investigate allocative bias in the training
data (Section 5.1) and in the predictions made by
these models (Section 5.3). Similarly, we examine
representational bias, adapting metrics from ear-
lier studies to evaluate both the training datasets
(Section 5.2) and the predictions (Section 5.4).

3.1 Relation Type Taxonomy

RE datasets often include a label set with relation
types which are too fine-grained with respect to
our objective of exploring social biases related to
‘gender’ and ‘place of birth’ (e.g., field-of-work and
occupation from SREDFM). Aggregating certain
types to broader categories enables a higher-level
analysis with enough samples per type that would
be otherwise unfeasible with infrequent or narrow
ones. In addition, we face the issue of lack of
standards in dataset annotation for RE (Bassignana
and Plank, 2022b), which prevents the comparison
of results across corpora (e.g., the relation type
/people/person/profession in NYT versus occupa-
tion in SRED™). To overcome these issues we
introduce a taxonomy of relation types mapping
the original types from the different datasets into
a unified label space (e.g., field-of-work, occupa-
tion and /people/person/profession to field). The
taxonomy enables cross-dataset comparison and
makes our approach versatile. Table 1 reports the
ten newly introduced labels, with the co-occurring
entity types (one entity type is always a person),
and a corresponding example. The taxonomy is or-
ganized around the entity types that are part of the
triplet. For instance, contributes is used to identify
all triples with a person and a work, while rela-
tionship represents triplets where both subject and
object are persons.
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Relation Co-occurring
type entity

Example

contributes work In 2018, Zhao directed her third feature

film, Nomadland, starring Frances Mc-

Dormand
date date Rosa Luxemburg born Rozalia Luksen-
burg, 5 March 1871
field occupation, Stephen William Hawking was an En-
discipline glish theoretical physicist, cosmologist

geographical place
relation

Born in Ogidi, Colonial Nigeria, Ache-
be’s childhood was influenced by both
Igbo traditional culture and postcolonial
Christianity

language language Seedorf speaks six languages fluently:
Dutch, English, Italian, Portuguese,

Spanish and Sranan Tongo

Ahead of the 2009-10 season, Ronaldo
joined Real Madrid for a world record
transfer fee at the time of £80 million
(€94 million)

member organization

participated  event Tim Burton appeared at the 2009 Comic-
Con in San Diego, California, to pro-

mote both 9 and Alice in Wonderland

position organization Meredith Whittaker is the president of
held the Signal Foundation and serves on
their board of directors

relationship ~ person Billy Porter married Adam Smith on Jan-
uary 14, 2017, after meeting him in
2009

topic work Napoleon appears briefly in the first sec-

tion of Victor Hugo’s Les Misérables,
and is extensively referenced in later
sections

Table 1: Relation Type Taxonomy. A list of biographi-
cal situations designed for RE. Labels are distinguished
on the basis of the co-occurring entities in a triple. All
examples are derived from the English Wikipedia.

Train Validation Test
sent. rel. | sent. rel. | sent. rel.
SRED™ | 1,199,046 2,480,098 | 6,333 13,322 | 3,015 6,474
CrossRE 297 1,220 835 3,483 891 3,604
NYT 19,709 26,267 | 1,765 2,318 | 1,773 2,327

Table 2: Dataset Statistics. Number of sentences and
number of triplets (relations) for each dataset.

4 Experimental Setup

We follow the four-step procedure described in
Section 3 to investigate biases in three commonly
adopted RE datasets, and the predictions of a popu-
lar RE model. Below, we describe our experimental
setup in terms of datasets (Section 4.1) and model-
ing (Section 4.2). Details about their licenses can
be found in Appendix B.

4.1 Datasets

SRED'™ (Huguet Cabot et al., 2023). The
SRED™™M datasetis a distantly annotated dataset
build on top of Wikipedia pages and Wikidata re-

lations, employing a novel triplet critic filtering.
The dataset covers 17 languages, but for the scope
of this paper we employ only the English portion.
Since this is the larger corpus in our study, we use
it as a pre-training stage for the experiments on the
other two datasets.

CrossRE (Bassignana and Plank, 2022a).
CrossREis a multi-domain dataset for RE contain-
ing data from the news, politics, natural science,
music, literature and artificial intelligence domains.
This dataset is the only entirely manually-annotated
in our study. Given the small size of the six sub-
sets, in our experiments we join the data across the
different domains.

NYT (Riedel et al., 2010). NYT is a RE dataset
consisting of news sentences from the New York
Times corpus. It contains distantly annotated rela-
tions using FreeBase. We use the processed version
of Zeng et al. (2018) called NYT-multi.

For each of these datasets, we filter the triplets
which include at least one entity ‘person’. In Ta-
ble 2 we report the statistics of the corpora after the
filtering phase. In addition, following step (1) in
Section 3, we map the original relation types of the
three datasets, into a unified label space defined by
our taxonomy of relation types (Section 3.1). We
report our mapping in Table 8 in Appendix A.

4.2 Models

In steps 2) and () of our proposed procedure (de-
scribed in Section 3) we employ a Relation Ex-
traction (RE) and an Entity Linking (EL) model
respectively. Below we describe them both.

ReLiK (Orlando et al., 2024). For RE, we em-
ploy the same setup as ReLiK, a Retriever-Reader
model based on DeBERTa-v3 (He et al., 2021).
We use the same default parameters as the original
paper and train on top of DeBERTa-v3-large.

EntQA (Zhang et al., 2022). To disambiguate
the extracted entities ‘person’ and link them to
Wikidata (Vrandeci¢ and Krotzsch, 2014) we use
EntQA, a recent state-of-the-art EL system based
on the Retriever-Reader paradigm. We employ it to
perform entity disambiguation on the entity spans
extracted by ReLiK. We only default to these pre-
dictions when the original dataset does not have
a link to Wikidata, either because a span predic-
tion was not labeled as an entity in the dataset, or
because the original dataset did not include disam-
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| + SRED™ pre-train

Test ‘ taxonomy original taxonomy ‘ balanced

SRED™ | 69.13 71.07 | 64.84

ero-shot CrossRE 17.35 20.27 20.07
zero- NYT 28.58 32.89 33.66
fine-tuned  CTOSSRE 4472 5174 52.04 52.12
et NyYT 8926  88.47 88.52 |  89.83

Table 3: Experiments Performance. Micro-F1 scores
of ReLiK trained and evaluated on SREDM, zero-shot
and fine-tuning evaluation on CrossRE and NYT. ‘origi-
nal’ refers to a model trained on the original label set;
‘taxonomy’ indicates that the model was trained on the
taxonomy mapping (see Table 8); ‘balanced’ stands for a
gender-balanced version of it (see Section 6). First row
indicates performance after pre-training on SRED™
test set.

biguated entities. We use EntQA out-of-the-box
(i.e., we do not fine-tune it on our datasets).

4.3 Relation Extraction Experiments

As mentioned in Section 4.1, we use SRED™ for
pre-training ReLiK before employing it on the two
smaller datasets (CrossRE, NYT). We perform two
categories of experiments: ‘Zero-shot’, where Re-
LiK is pre-trained on SRED*™ and directly eval-
vated on CrossRE and NYT; and ‘fine-tuning’,
where ReLiK is both pre-trained on SRED*M and
fine-tuned on the target dataset.

Zero-shot Experiments. In Table 3 we report
the scores of ReLiK trained on SRED™ and evalu-
ated on CrossRE and NYT in a zero-shot fashion.
Evaluation is always done in the coarse-grained
space of the taxonomy, either on the predictions
of a model trained on SRED™ mapped to the tax-
onomy (column ‘taxonomy’), or by mapping the
predictions of a model trained on the original labels
to the taxonomy (column ‘original’). Training on
the taxonomy relation types improves the perfor-
mance for both datasets. These results validate our
proposed mapping as a way to unify label sets from
different datasets.

Fine-tuning Experiments. Similarly to the pre-
vious experiment, in Table 3 we report the scores
of ReLiK trained on SRED'™ and then fine-tuned
on CrossRE or NYT, as well as regular fine-tuning
without pre-training (left column). These exper-
iments allow us to explore the use of our shared
label space as a means of transfer learning across
datasets and later on study how transfer learning af-
fects the bias distribution (see Sections 5.3 and 5.4).

| SRED'™™ = CrossRE ~ NYT

20.0% 11.8% 17.3%
18.9% 10.0%  12.2%

Women
Global South

Table 4: Allocative Bias in Training Data. The per-
centage of women and Global South people in SRED'™,
CrossRE, and NYT corpora.

Differences in performance are smaller than in the
zero-shot counterpart, especially when enough data
is available in the target dataset (NYT). Still, this
experiment showcases that pre-training on the tax-
onomy improves performance on low data regimes
while it has a small difference on larger ones.

5 Social Bias Analysis

In this section we report our bias analysis con-
ducted on the training sets of the datasets described
in Section 4.1 and on the predictions obtained with
our trained models. In line with previous work
on ‘gender’ bias analysis, we consider men ver-
sus women (Zhang and Terveen, 2021). For biases
related to the ‘place of birth’, instead, we follow
previous work and consider Global North versus
Global South (Dirlik, 2007). Such a distinction
has been introduced by the Brandt Commission
(Williams, 1980) in the context of an effort of re-
ducing economic issues affecting Third World’s
countries. Therefore, we design an operational def-
inition of country belonging to the Global South
as being a former colony and having a Human De-
velopment Index lower than 0.8. We discuss more
in details these division in the Limitation Section.
We maintain the distinction between allocative and
representational biases and explore both bias types
at the level of training sets (Sections 5.1 and 5.2)
and in the predictions (Sections 5.3 and 5.4).

5.1 Allocative Bias in Training Data

To assess the allocative bias in training data we
compare the distributions across two axes between
entities that are included in SRED™, CrossRE, and
NYT: The distribution of women against men, and
of people born in a Global South countries against
ones born in the Global North. As explained in Sec-
tion 3 we gather this meta-information about people
from Wikidata, a collaborative knowledge graph
that is part of the Wikimedia ecosystem. Since the
analysis relies on metadata extracted from Wiki-
data, we are only able to compare people whose
information about their ‘gender’ (Wikidata ID P21)
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SRED"M CrossRE NYT SREDM CrossRE NYT

M W M W M W N S N S N S
contributes 028 047510407 0201 | - - 0.758 0.162 | 0.447 0.333 - -
date 1.038 0926 | - - - - 1.07 0993 | - - - -
field 0.388 0291 | - - - - 0.394 0451 | - - 0.002 0.0
geographical || 0.469 0.368 | 0.218 0.218 | 3.251 2.164 || 0.501 0.64 | 0.198 0.644 | 0.965 1.019
language 0.013  0.006 - - - - 0.025 0.024 - - - -
member 021 0.164 | 0229 0.218 | 0.739 0.283 || 0.252 0.201 | 0.300 0.222 | 0.169 0.121
participated || 0.088 0.049 | 0.278 0.145 | — - 0.052 0.08 | 0.218 0.133 - -
position held || 0.091 0.038 | 0.745 0.727 | 0.085 0.012 | 0.144 0.196 | 0.742 1.200 | 0.036 0.009
relationship || 0.124 0.215 | 0.098 0.036 | 0.078 0.211 | 0.132 0.119 | 0.093 0.111 | 0.077 0.025
topic 0.001 0.001 | 0.018 0.018 | - - 0.002 0.002 | 0.013 0.0 - -

Table 5: Representational Bias in Training Data. Results of the experiment aimed at identifying statistically-
significant differences between social groups for each relation and across corpora. Values represent the proportion
of each relation type per person. First six columns report the comparison between men (M) and women (W); last six
between Global North (N) and South (S) people. For each relation, we report the group that is significantly more
associated with it in bold, if neither is it means that there is not a statistically significant difference (p > 0.05).

and ‘place of birth’ (Wikipedia ID P19) are avail-
able. This did not have an impact on the analysis
of ‘gender’, while the Wikidata gap with respect
to “‘place of birth’ is 31% of people from SREDM,
8% from CrossRE and 11% from NYT. Once we
obtained this information, in Table 4 we observe
the distribution of women and Southern people in
order to understand to which extent they are under-
represented in RE corpora. CrossRE is the corpus
where both categories are less represented while
in SRED™ they benefit from a higher representa-
tion. Overall, the analysis shows a significant un-
derrepresentation of women and people born in the
Global South across all corpora, always falling in a
range between 10% and 20% of the total. This is
even more daring when considering that the Global
South accounts for around 80% of the world popu-
lation. We also want to stress that these allocative
biases are compounded from several sources. All
our datasets are in English, and from sources that
target an English speaking audience. Wikidata and
Wikipedia showcase a skewed gender distribution
where only 25% and 20% respectively of people’s
pages are women (Zhang and Terveen, 2021), fur-
thermore Wikipedia collaborators are 83% male.'
The annotation process for each of the datasets we
analyze may also introduce further biases. Our goal
here is not to pinpoint where these biases originated
but rather how they are reflected in RE resources.

1https://en.wikipedia.org/wiki/Wikipedia:
Wikipedians

5.2 Representational Bias in Training Data

The analysis of representational biases relies on a
Monte Carlo experiment that simulates a balanced
distribution of people along the axes of ‘gender’
(men vs women) and ‘place of birth’ (Global North
vs Global South). For each training set we per-
form an experiment structured in three parts: (i)
We randomly pick 100 individuals for each group
and average the number of relation in which they
are subject or object. (if) We repeat the sampling 10
times for each distribution. (iif) For each relation
type we calculate the t-test statistics between the
10 mean scores of a majority and a minority group.
Results are reported in Table 5. For each relation
we report the average per social group and whether
there is a significant difference between the two
groups. The comparison between genders shows
that member and position held are significantly re-
lated to men in the NYT corpus, perhaps due to its
nature as a news corpus, along with geographical
(also in SRED™). Relationship is instead skewed
towards women in SRED™™ and NYT, and towards
men in CrossRE. From the comparison between
Global North and South it emerges that the latter
are always more associated to geographical. The
position held property behaves differently across
corpora: It is mostly related to South in SRED'™M
and CrossRE, and to North people in NYT, which
is also skewed towards this group for the member
relation. Relationship is significantly associated to
Global South people only in NYT.

In general, some trends emerge when compar-
ing across datasets. The only gender bias that fa-
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SRED'™™  CrossRE ~ NYT
Women - -22%  +5.6%
+ SRED"M -3.5% -58% +0.6%
+ gen. balanced | -2.9% -4.4% 0.0%
Global South - -83% -2.1%
+ SRED"M -1.7% -6.7% -1.6%
+ gen. balanced | -0.3% -99%  -59%
Table 6: Allocative Bias in Prediction. Percentage

difference of women and Global South people in false
positive and true positive predictions of the model when
trained on each dataset (first row), fine-tuned on top of
SRED™ pre-training (second row) or fine-tuned on top
of a gender-balanced SRED™ pre-training (third row).

vors women concerns relationship, while all the
other types (when significant) skew towards men,
independently of the dataset. On the other hand,
with respect to the North/South analysis, biases are
more widespead and of different nature. Of the
three datasets, SRED'™ shows less biases on this
dimension, and coincidentally it is the one having a
higher percentage of people from the Global South
(see Table 4). It is worth noticing how the only bias
favoring North shared across datasets (with a very
high degree in SRED™™) is contributes, which may
be reflective of an overall cultural bias within the
English Wikipedia, from which both SRED*™ and
CrossRE are collected.

Summarizing, the analysis shows the presence
of recurring representational biases against under-
represented groups, specifically for certain relation
types: relationship for women, geographical for
Global South. NYT includes the highest number
of biases, where men and Northern people mostly
appear in relations that emphasize their profession
(member, position held).

5.3 Allocative Bias in Prediction

Our analysis on bias in predictions follows that
of Gaut et al. (2020). For allocative bias we rely on
the False Positive Balance score (F'Pp,) inspired
by Hardt et al. (2016). This metric is a compari-
son between the percentage of entities belonging
to an underrepresented group in the model’s wrong
predictions and their distribution in the test and
evaluation sets. A positive delta between these two
percentages is interpreted as the model tendency to
recognize entities from an underrepresented group.
The analysis is performed on predictions obtained
with and without SRED™™ pre-training, while al-
ways fine-tuning on the target dataset (Table 3).

gender place of birth

SRED™ CrossRE NYT |SRED*™ CrossRE NYT
contributes +0.03 - 0.01 - +0.04 - 030 -
date +0.03 - - - 0.05 - -
field +0.05 - - - 0.03 - -
geographical| - 0.09 +0.16 +0.04| +023 +0.15 +0.05
language - - - +0.29 -
member - 012 - 0.10 - - - 0.10 -
participated | - 0.07 - 0.01 - +0.10 - 0.06 -
position held| - 0.17 0.00 - 0.01| +0.10 - 0.04 - 0.02
relationship | +0.07 +0.14 - 0.17| +0.15 +0.03 +0.16
topic - - - - - -

Table 7: Representational Bias in Prediction. The
Recggp on the evaluation triples with respect to the un-
derrepresented groups (i.e., positive values for women
and people from the Global South). ‘—’ means that the
relation type appears less than 10 times.

This allows to assess the impact of SRED'™ pre-
training on the distribution of bias. Table 6 shows
that women and Global South people are affected
by allocative harms in different proportions and
that these vary across corpora. The F'Pgy score
is negative for women in CrossRE, while in NYT
it is positive. Using the pre-trained model before
fine-tuning amplifies this bias in CrossRE (from
-2.2 to -5.8), while it lowers it in the NYT (from
+5.6 to +0.06). The opposite happens if Global
South people are considered. Given the fact that
a negative F'Pgy emerges in all distributions, the
pre-training step reduces this bias from -8.3 to -6.7
in CrossRE and from -2.1 to -1.6 in NYT.

In summary, while adopting SREDM for trans-
fer learning to CrossRE and NYT has a positive ef-
fect on the performance (CrossRE goes from 44.72
to 52.04, see Table 3), it has a mixed effect with
respect to the biases. On one side, it amplifies
the allocative biases for women in predictions, on
the other it introduces a mitigation in favor of peo-
ple from Global South. This could be explained by
SRED'™ showing a lower starting bias of -1.7 com-
pared to the other datasets, and therefore acting as
a mitigator when used as a pre-trained model. The
opposite is observed for women, where SRED"M
has a higher starting bias (-3.5).

5.4 Representational Bias in Prediction

We perform the representational bias analysis on
the predictions by adopting the Minority Recall
Gap metric (Recgap). Inspired by the ‘true positive
rate gender gap’ from De-Arteaga et al. (2019),
our metric measures the differences in recall for
predictions of two groups. Since the data used for
evaluation is unbalanced and some relation types
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are rare, we only compute the Recg,p for types
appearing at least 10 times in each corpus.

Table 7 shows the Recg,, for each relation
throughout all datasets. A positive value means
that the model is more likely to retrieve a relation
if it is associated to an underrepresented group (i.e.,
women and people from the South); on the oppo-
site, a negative value means that the model is more
likely to retrieve the relation type if it includes men
or people from the Global North respectively. The
analysis shows patters that already emerged in the
training sets (Section 5.2). Relationship and ge-
ographical triples are more often retrieved when
a woman or a Global South person represents its
subject or object in five out of six cases. The only
exceptions are SRED™, which achieves a Recgap
score of —(.09 in favor of men for geographical,
and NYT, with a score of —0.17 in favor of men
for relationship. The opposite happens for position
held, which is mostly retrieved for Global South
(40.10) only in SRED™, while in all the other
cases it always leans towards Global North. Con-
tributes achieves a positive Recgap in SRED™ and
a negative one in CrossRE for both bias analysis,
while member is always mostly associated with
men or people from the North. The same hap-
pens for participated, except for ‘place of birth’ in
SRED'M. Finally, field and date are more associ-
ated with women and Global North.

These results mostly follow the trends in the
training datasets (Section 5.2). Representational
biases in predictions regard similar associations
between certain categories of people and relation
types: Women with relationship, Southern people
with geographical, men and Northern people with
member. However, the model seems to have its own
impact on the propagation of biases. For instance,
field does not present statistically significant dif-
ferences between Global North and Global South
in the training sets (see Table 5), but it is mostly
associated to Northern people in the predictions.
This behavior underlines the need of designing ap-
proaches for bias detection that encompass all the
stages of the RE task.

6 Bias Mitigation

In this section we look at a common approach to
tackle skewed distributions of data by balancing
the pre-training data (SRED™™) in order to obtain
fairer representations of underrepresented groups.
This mitigating strategy was the only one shown to

be effective in Gaut et al. (2020). Since in Table 6
the ‘gender’ bias of SRED™ is more pronounced
with respect to the bias related to the ‘place of birth’
(—3.5% versus —1.7%), we consider the ‘gender’
axis and re-train ReLiK on a dataset with a bal-
anced distribution across genders. In order to do
so, we gather from SRED™™M all triplets involving
at least one woman, and then we add triplets in-
volving men until we reach an equal amount. As a
results, we obtained a dataset of 836, 638 instances,
of which 50.7% involves at least one woman.

As it can be observed in the bottom line of
Table 6, the adoption of a gender balanced pre-
training dataset has a mitigation effect on the
allocative biases against both underrepresented
groups in SRED*M. The F Pg, decreases from
—3.5% to —2.9% against women and from —1.7%
to —0.3% against Southern people. The effect
on the gender bias of the other datasets is also
positive. The balanced distribution improves the
F Pg, score from —5.8% to —4.4% in CrossRE,
and from 4-0.06 to 0 in the NYT corpus. However,
balancing the gender axis has a negative impact on
the allocative bias against people from the Global
South both in CrossRE and NYT. In CrossRE, it
amplifies them from —8.3% to —9.9%, while in the
NYT corpus from —2.1% to —5.9%. This could
be explained by the drop of presence of Southern
people in SRED'™ from 18.9% (see Table 4) to
16.9% in the balanced version. An intersectional
approach (Crenshaw, 2017) that jointly considers
these two sources of underrepresentation could be
explored to better understand how to mitigate bi-
ases from multiple angles.

7 Conclusion

In this paper we address the critical matter of bi-
ases within RE data and systems, and propose a
four-step procedure to analyze them. Our approach
showcases the widespread nature of biases in the
life-cycle of RE systems, encompassing datasets,
transfer learning and model predictions. Our find-
ings reveal a concerning underrepresentation of
women and individuals from the Global South as
well as undesired biases for specific relation types.
We demonstrate that tackling bias is a complex and
compounded issue which requires careful thought.
Simple techniques, such as balancing the data for
an underrepresented group, may introduce other
unwanted biases. We also provide a carefully de-
signed taxonomy of relation types that enables com-
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parison and effective transfer across RE datasets.

In conclusion our work serves a dual purpose:
On one side, it sheds light on the pervasive biases
related to gender and origin within RE datasets and
systems, on the other it offers a critical perspec-
tive on the use of Information Extraction (IE) tech-
niques for bias exploration. This study emphasizes
the need for nuanced, multi-faceted approaches to
detect and mitigate biases, urging the community
to proceed with caution and depth in developing
and applying RE technologies.

Bias Statement

In this paper we study the presence of bias in RE
models and datasets focusing on two axes: gender
(women versus men) and origin (Global South ver-
sus Global North). RE techniques are crucial to
extract structured information from unstructured
texts and this could lead to a number of downstream
tasks, such as the automatic population of knowl-
edge bases or the development of tools for data
management and archiving. Biased RE resources
can lead to allocational harms, since they might
exclude people from datasets and models outputs.
Additionally, they can represent a representational
harms for their systematic association between cer-
tain categories of people and specific relation types.
In this work we present an approach that consider
representational and allocational harms both in
datasets and models, since we believe that it is nec-
essary to implement a comprehensive strategy to
reduce the harmfulness of RE systems.

Limitations

The first limitation of this work regards the taxon-
omy adopted for distinguishing people on the basis
of their ‘place of birth’ in the context of a glob-
alized world. We adopt the distinction between
Global North and Global South as it has been re-
cently re-proposed as a framework by the United
Nations. However, such a conceptualization has
been proposed in a Western context and thus might
have an impact on the cultural representation of this
underrepresented group. Therefore, we design an
operational definition of country belonging to the
Global South as being a former colony and having
a Human Development Index lower than 0.8. In ad-
dition, it is worth mentioning that Wikidata comes
with many limitations in its taxonomy that hamper
a fair collection of data. Squeezing two orthogonal
features like ‘gender’ and ‘sexual orientation’ in

a unique property is not fully respectful of non-
binarism. Not only that: the percentage of people
who do not identify as men or women in Wikidata
is so low that it was non possible to adopt a bi-
nary conception of gender in this research. Future
work will rely on knowledge bases with a higher
representation of non-binary people. .

The second limitation regards the usage of Wiki-
data for the collection of socio-demographic infor-
mation about people. The underrepresentation of
women and people from the Global South in this
knowledge base is a known issue that may impact
the analysis. People from the Global South cor-
respond to 85% of the world population, while in
Wikidata they represent only the 17.2%. Women
are 24.1% in Wikidata, against 49.7% in the real
world. This reliance can potentially skew the re-
sults, raising questions about whether the identi-
fied biases are more reflective of the limitations
and biases inherent in Wikidata rather than the RE
systems themselves. Unfortunately, at the time of
writing there are no alternative open resources with
the same coverage of Wikidata.

Another limitation concerns the categorization
of relationships. The proposed taxonomy might
be too broad in some categories, potentially over-
looking more nuanced relation types. For instance,
combining field’ with occupation and sports disci-
pline might obscure specific biases related to dis-
tinct professional domains. Additionally, some rela-
tion types, like ‘relationship,” might be too general.
Keeping a more fine-grained taxonomy could help
identify specific biases, but as discussed in 3.1 it
leads to very infrequent relation types as well as
hindering the comparison across datasets.

A final limitation of our work regards gender.
Since we rely on Wikidata to augment corpora with
socio-demographic information, we must adopt
their P21 property that squeezes biological sex,
gender identity, and sexual orientation into a single
label. Additionally, the representation of people
who do not identify as men or women is statistically
irrelevant in our RE corpora. Therefore, we were
not able to adopt a non-binary perspective on this
aspect. While we acknowledge this binary model,
it is important to reflect on how it could cause harm
by reinforcing gender binaries and excluding non-
binary identities. We discuss the term ‘gender’ and
its implications early in the paper, drawing on in-
terdisciplinary perspectives and point to Devinney
et al. (2022) for further reading.
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A Relation Type Mapping

In Table 8 we report the mapping that we apply
from the original labels of SRED™  CrossRE,
NYT to our proposed unified taxonomy of relation

types.
B Resources

The datasets and models utilized in this paper are
governed by the following licenses:

o SREDfM™ Dataset: Creative Commons
Attribution-NonCommercial-ShareAlike 4.0
International license.

¢ CrossRE Dataset: GNU General Public Li-
cense v3.0.

e NYT Dataset: Linguistic Data Consortium
(LDC) Data Use Agreement.

e ReLiK Model: Creative  Commons
Attribution-NonCommercial-ShareAlike 4.0
International license.

* EntQA Model: MIT License.

C Hardware

We train every model on a single NVIDIA® RTX
3090 graphic card with 24GB of VRAM. We use
the default hyperparameters used in the original pa-
per for ReLiK with Adam (Kingma and Ba, 2015)
as optimizer.
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SRED™ CrossRE NYT
contributes cast member notable work director artifact
author screenwriter performer origin
producer composer discoverer or inventor
creator lyrics by after a work by
librettist designed by executive producer
architect film editor voice actor
date date of birth date of death work period (start)
work period (end) time period
field occupation sport field of this occupation /people/person/profession
field of work instrument sports discipline competed in
geographical | place of death place of birth country of citizenship physical /people/person/nationality
relation country work location country for sport Ipeople/deceased_person/place_of_death
league educated at residence Ipeople/person/place_of_birth
allegiance place of burial indigenous to /Ipeople/ethnicity/geographic_distribution
/people/person/place_lived
language native language writing language  languages spoken, written or signed
member part of genre member of sports team part-of Ipeople/person/religion
member of crew member(s) religion or worldview general-affiliation | /people/person/ethnicity
movement ethnic group military branch /people/ethnicity/people
record label religious order /sports/sports_team_location/teams
participated | participant award received successful candidate
winner candidate nominated for
significant event  conflict
position held | position held founded by position played on team / speciality role /business/company_shareholder/major_shareholder_of
chairperson military rank office held by head of the organization /business/person/company
head of state director / manager member of political party /business/company/advisors
owned by commanded by head of government /business/company/major_shareholders
employer /business/company/founders
relationship | spouse sibling child social /people/person/children
parent family partner in business or sport
relative influenced by student
unmarried partner
topic ‘ characters depicts main subject ‘ topic ‘

Table 8: Taxonomy Mapping. Mapping of the original relation types from SRED'™, CrossRE, NYT into the
taxonomy of relation types of Table 1.
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Abstract

Gender bias in word representations has
emerged as a prominent research area in recent
years. While numerous studies have focused on
measuring and addressing bias in English word
embeddings, research on the Turkish language
remains limited. This work aims to bridge this
gap by conducting a comprehensive evaluation
of gender bias in Turkish word embeddings,
considering the dimensions of syntax, seman-
tics, and morphology. We employ subword-
based static word vectors trained on three dis-
tinct domains: web crawl, academical text, and
medical text. Through the analysis of gender-
associated words in each domain, we not only
uncover gender bias but also gain insights into
the unique characteristics of these domains. Ad-
ditionally, we explore the influence of Turkish
suffixes on word gender, providing a novel per-
spective on gender bias. Our findings reveal
the pervasive nature of gender biases across
various aspects of the Turkish language, includ-
ing word frequency, semantics, parts-of-speech,
and even the smallest linguistic unit - suffixes.
Notably, we demonstrate that the majority of
noun and verb lemmas, as well as adverbs and
adjectives, exhibit masculine gendering in the
general-purpose written language. This study
is the first of its kind to offer a comprehensive
examination of gender bias in the Turkish lan-

guage.
1 Introduction

The rise of pretrained language models, such as
BERT (Devlin et al., 2019), has significantly im-
proved various natural language processing (NLP)
tasks. However, these models are often trained
on large amounts of web-based data, which can
contain social stereotypes and biases that may be
inherited by the models. This raises concerns as
such biases can be perpetuated in downstream ap-
plications (Tal et al., 2022). The advent of large
language models (LLMs) (Minaee et al., 2024) has

further highlighted the importance of understand-
ing and evaluating training data quality, including
the presence of toxicity and gender bias (Zhao et al.,
2024).

While previous studies have primarily focused
on gender bias in embeddings, particularly in En-
glish, research on other languages has been limited
to a few multilingual projects. For instance, (Prates
et al., 2019)) evaluated gender bias in machine
translation by translating gender-neutral languages
using the Google Translate API, while (Lewis and
Lupyan, 2019) examined gender stereotypes across
25 natural languages. However, languages other
than English have received minimal attention in
this research domain.

In the case of the Turkish language, the existing
research is sparse. (Ciora et al., 2021) investigated
overt and covert gender bias in machine translation
models by examining gender-neutral Turkish and
gendered English. (Caglidil et al., 2024) explored
gender bias in Turkish transformer models. Despite
the advancements in LLMs, several crucial research
gaps related to the Turkish language still remain.
Firstly, there is a lack of studies focusing on the
fundamental form of word embeddings, namely
pretrained word vectors. Secondly, we strongly
believe that Turkish morphology warrants an exten-
sive linguistic study that delves into the intrinsic
nature of the language itself. This unique aspect of
Turkish sets it apart from English and other welll-
studied Western languages and adds an additional
dimension to the research on gender bias.

To address these gaps, our work aims to fill the
research void by conducting a comprehensive eval-
uation of gender bias in Turkish word embeddings,
considering the dimensions of syntax, semantics,
and morphology. We employ static embeddings,
specifically Floret vectors, trained on three dis-
tinct domains: web data, academic data, and med-
ical data. Through our analysis, we investigate
the frequency of words associated with men and
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women, examine the parts of speech associated
with each gender, and explore the conceptual clus-
ters of words associated with men and women. Ad-
ditionally, we provide an in-depth exploration of
the relationship between morphology and the gen-
dering of words by dissecting the semantic aspects
of suffixes.
Our main contributions are as follows:

* We conduct a comprehensive study on gender
bias in Turkish word embeddings, which is
the first of its kind.

We consider syntax, semantics, and morphol-
ogy dimensions in our work, across three dis-
tinct domains.

* We demonstrate that gender biases are preva-
lent across various aspects of the Turkish lan-
guage, including word frequency, semantics,
parts-of-speech, and even in the smallest unit
of the language - suffixes. We show that in
the general-purpose written language, the ma-
jority of noun and verb lemmas, as well as ad-
verbs and adjectives, are gendered masculine.
The majority of art, sports, and profession-
related noun lemmas are also masculine, along
with abstract nouns, body parts, electronic de-
vices, clothing, and everyday object names.

* We also demonstrate that word morphology
directly impacts the gender of word forms and
can switch the gender of word forms. We
research which suffixes have which gender
impact on the word form.

This paper is organized as follows: we present
our data and methodology, followed by domain-
specific results related to the pretrained embed-
dings in each domain. The final section focuses on
morphology. Our code and data are available in our
Github' and Huggingface? repositories.

2 Methodology

In this section, we provide an overview of our
methodology, including details about the datasets
used, the choice of word vectors, and the process
of training and calculating gender-related metrics.

1https://github.com/DuyguA/GeBNLP—2@24—Gende
r-Bias-Turkish-Word-Embeddings
https://huggingface.co/turkish-nlp-suite

2.1 Data

We utilized three distinct domains to train and eval-
uate our word vectors. The first domain is web
crawl data, obtained from the mC4 part of the Cul-
turaX dataset (Nguyen et al., 2023). This corpus,
consisting of 76,432,893 documents, serves as a re-
flection of societal consciousness and is commonly
utilized in various NLP tasks. To ensure data qual-
ity, we performed cleaning and preprocessing on
the web crawl corpus, applying additional filters to
enhance its overall reliability.

The second domain focuses on academic papers,
where we expect minimal gender bias. We col-
lected this data from various sources, including
YOK Acik Erisim 3 and Dergipark #. Both orga-
nizations, affiliated with the government, provide
high-quality research papers and journals on their
respective websites. We compiled abstracts from
these sources, resulting in a total of 309,169 ab-
stracts from YOK Acik Erisim and 188,106 ab-
stracts from Dergipark. Additionally, we obtained
full article bodies solely from Dergipark, compris-
ing 147,961 documents. The combined dataset
from these sources is referred to as Academic
Crawl, with a total of 645,236 documents.

The third domain focuses on the medical field
and involves crawling research papers from Dergi-
park. We specifically selected journals with a med-
ical focus, resulting in a corpus of 37,910 doc-
uments. Similar to the Academic Crawl corpus,
the Medical Crawl corpus underwent cleaning and
processing, including language filtering and the
resolution of PDF-to-text errors.

Regarding the Medical Crawl corpus, we man-
aged to eliminate PDF-to-text mistakes by imple-
menting rules targeting single characters and miss-
ing vowels/consonants in between. Only a small
portion of the data required removal.

In handling the Academical Crawl corpus, we
faced a higher frequency of errors and articles with
mistakes, presenting a more complex task. To ad-
dress this, we conducted experiments and observed
the effectiveness of the LLM Qwen2-7B (Bai et al.,
2023) of recognizing Turkish at the character level.
Utilizing a single NVIDIA A100 80GB GPU, we
dedicated 108 hours to process 4.3GB of data using
a zero-shot configuration.

For reference, the sizes of each corpus are sum-
marized in Table 1. Each corpus is available in

3https://acikerisim.yok.gov.tr/acik—erisim
*https://dergipark.org.tr/en/
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Dataset Size Words
mC4 172.7GB  20B
Academic Crawl  4.3GB 480M
Medical Crawl 178.6MB  20M

Table 1: Sizes of the datasets used in the study: Mea-
sured in UTF-8 bytes and number of words (in bil-
lions/millions).

their respective Huggingface repositories .
3 Training and evaluation of word
embeddings

In our study, we considered the agglutinative nature
of the Turkish language with its rich morphology.
To effectively represent the complex word forms
that can be generated through the addition of nu-
merous inflectional and derivational suffixes, we
chose to use Floret embeddings (Bojanowski et al.,
2017), an extended version of fastText (Joulin et al.,
2016) that incorporates Bloom embeddings (Grave
etal., 2017). Floret combines word and subword in-
formation, allowing for more compact vector tables
with enhanced representation of the morphological
structure. Compared to traditional word vectors,
Floret’s subwords are up to 10 times smaller.

We utilized the Floret library code by spaCy
(Honnibal and Montani, 2017) to train our word
vectors. The training was conducted using the
Continuous Bag-of-Words (CBOW) algorithm
(Mikolov et al., 2013), with each word vector hav-
ing a dimension of 300. For the subwords, we
considered 2-grams to 5-grams. To reduce the size
of the vocabulary, we used a compact vocabulary
of 250,000 entries for the web crawl corpus (mC4)
and the Academic Crawl corpus. For the Medical
Crawl corpus, which has a smaller size, we used a
vocabulary of 80,000. The choice of the subword
window range [2, 5] was determined heuristically,
considering that the length of most common Turk-
ish suffixes varies from 1 to 5.

To evaluate the quality and effectiveness of
the produced embeddings, we compared them to
the Floret vectors of the pretrained spaCy model
tr_core_news_lg (Altinok, 2023) on morphology
and syntax tasks. We initialized a spaCy model
with our Floret vectors and then trained syntactic

Each dataset exists with their original Turkish name in
our Huggingface repository. We used English translations to
reach a broader audience. Names of the datasets we used are
clean-mC4, Akademik-Makaleler, Akademik-Ozetler, Medikal-
Ozetler and Medikal-Makaleler, respectively.

parser components, including the POS tagger, de-
pendency parser, and morphologizer components,
on the BOUN treebank (Tiirk et al., 2022). Testing
was performed on the test division of this treebank.
The results, shown in Table 2, indicate that our
Floret vectors perform well. It is worth noting
that the spaCy Turkish model used for comparison
were trained approximately one year ago, while
our vectors have been trained on a larger corpus
(mC4) with additional vocabulary. The Academic
Crawl and Medical Crawl datasets are compara-
tively smaller in size and have a more focused and
limited vocabulary. As a consequence, the perfor-
mance of the word vectors trained on these datasets
may appear slightly inferior when compared to the
larger web crawl corpus.

To assess the gender bias encoded in the trained
embeddings, we employed the method introduced
by (Bolukbasi et al., 2016). For each word, we
calculated a gender bias score by computing the
dot product between its vector and the vector rep-
resentation of the concept of "woman" subtracted
by the vector representation of "man." In our ex-
periments, we used the Turkish translations of
"woman" (kadin) and "man" (erkek). A positive
score indicates a closer association with masculin-
ity, while a negative score implies a stronger associ-
ation with femininity. The magnitude of the score
reflects the degree of bias, with higher absolute val-
ues indicating greater bias. A score of 0 indicates
neutrality. Unlike many other studies, our approach
is unsupervised, and we did not employ the Word
Embedding Association Test (WEAT) scores.

4 Results and discussion

In this section, we thoroughly examine each data
genre individually. We first train the Floret word
vectors for each genre and analyze the gender dis-
tribution of the vocabulary. We then provide statis-
tics on the vocabulary based on different syntac-
tic categories. Additionally, we conduct unsuper-
vised clustering separately for each gender using
all the words and explore the topics associated with
each gender, focusing specifically on the web do-
main due to the more diverse range of topics com-
pared to academic and medical papers. Finally,
we delve into the relationship between morphol-
ogy and gender by investigating how word genders
change based on suffixes.
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Model POS acc | Morph acc | Lemma acc. | DEP-UAS | DEP-LAS
tr_core_news_lg 0.90 0.89 0.82 0.73 0.63
tr_gender_web_lg 0.91 0.92 0.86 0.73 0.65
tr_academic_web_lg | 0.75 0.79 0.72 0.65 0.61
tr_biomed_web_lg 0.70 0.75 0.70 0.60 0.60

Table 2: The table displays POS accuracy, morphological analysis accuracy, lemma accuracy, unlabelled attachment
score for dependencies, and labelled attachment score for dependencies. Accuracy scores are calculated by the
spaCy trainer using the test sets. In a spaCy model, each pipeline component assigns relevant attributes (POS tag,
morphological analysis string, lemma, dependency tag, and head in the dependency tree) to tokens. Accuracy for
POS tag, lemma, and morphology is determined by collecting the attributes for each token and comparing them
to the ground truth list. The last two attributes are evaluated at the syntax tree level, assessing the structure of the
dependency tree, correct head, and dependency arcs. UAS measures structure accuracy, while LAS additionally

evaluates the accuracy of dependency labels on each arc.

41 mC4

In this section, we present the results of gender anal-
ysis conducted on the Floret word vectors trained
on the mC4 corpus, which consists of 250K vocab-
ulary words. Figure 1 displays the distribution of
gender within the vocabulary words. The findings
reveal a significant gender bias, providing empir-
ical evidence for the existence of "masculine de-
faults" in these large text corpora (Cheryan and
Markus, 2020). Specifically, 87% of the vocabu-
lary words in our word vectors are associated with
men, while only 13% are associated with women.

We further examine the distribution of gender
bias in syntactic categories. Unfortunately, the situ-
ation remains disheartening as women are severely
underrepresented in certain categories. Verbs, for
instance, predominantly belong to the masculine
category, with only a few "feminine" verbs such as
"stislenmek” (to dress up), "kremlenmek" (to apply
body lotion), "giizellesmek" (to become beautiful),
and "giizellestirmek" (to make someone/something
beautiful) falling into the feminine category. Figure
2 provides a visual representation of this distribu-
tion.

Nouns also exhibit a skewed gender represen-
tation, with the majority of feminine words be-
ing proper nouns, including female names in both
Turkish and other languages (e.g., Fatma, Emine,
Madeline, Anya, Donna, Minerva, Mary). Only a
limited number of nouns are categorized as femi-
nine, such as "tanrica" (goddess), "kralice" (queen),
"imparatorige" (empress), and nouns that are com-
monly associated with femininity in society, such
as "giizellik" (beauty), "makyaj" (make-up), and
"ev" (home), along with their derivations and inflec-
tions. On the other hand, the masculine category
encompasses a wide range of nouns, including ab-

stract nouns, body parts, clothing names, electronic
devices, and everyday objects.

Profession names also display a gender bias,
with feminine professions limited to nurse, mid-
wife, nanny, gymnast, dancer, make-up artist,
florist, fashion designer, model, actress, stylist,
and hairdresser. All other professions, including
academician, professor, doctor, engineer, architect,
journalist, pharmacist, economist, embryologist,
detective, carpenter, tailor, movie director, violin-
ist, cellist, painter, as well as leadership positions
such as governor, boss, director, CTO, and CEO,
are categorized as masculine. Even prominent tech
company names like Google, Facebook, Alibaba,
Aselsan, Havelsan, Roketsan, and TAI are mascu-
line. Additionally, sports names, including volley-
ball and tennis, predominantly fall into the mascu-
line category, despite being commonly played by
women.

Adverbs and adjectives also exhibit a similar
bias, with only a few feminine adverbs and adjec-
tives related to grace and beauty. The masculine
category encompasses a wide range of adjectives
and adverbs, including both positive and negative
meanings. It is worth noting that negative meanings
do not relate to a specific gender, while the mascu-
line category includes both positive and negative
aspects of the same word.

Pronouns, including personal, interrogative, def-
inite, and indefinite pronouns, overwhelmingly
belong to the masculine category. Out of 973
pronouns in the vocabulary, only 11 are cat-
egorized as feminine. For example, "Bunda"
(bu/this locative), "kendime" (kendi/oneself da-
tive), "kendimi" (kendi accusative), "kendinizi"
(kendiniz/oneselves accusative), "kime" (kim/who
dative), "neresi" (nere/where possessive), "nesi"
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(ne/what possessive), "neyin" (ne/what genitive),
"seninle" (sen/you instrumental case), "bunda" (bu
locative), and "bunla" (bu instrumental case). Only
one personal pronoun, "seninle" (with you), falls
into the feminine category. The rest of the personal
pronouns, along with their inflections and all other
pronouns, are categorized as masculine. It is worth
noting that suffixes can change the gender, which
will be explored further in Section 5.

The gender bias in both frequency and syntax is
evident in the results, with the vast majority of vo-
cabulary words are being masculine. Furthermore,
the lack of representation of women extends to all
syntactic categories. Appendix A exhibits some
words with syntax categories from this corpus for
a more detailed view of the vocabulary.

Next, we delve into the clusters formed within
the feminine and masculine word groups. We
utilized the K-means clustering algorithm (Harti-
gan and Wong, 1979) and determined the optimal
number of clusters using The Silhouette method
(Rousseeuw, 1987). Eventually, we identified 6
distinct semantic groups within the feminine words
and 11 within the masculine words, as depicted
in Figure 3. The masculine clusters encompass
various "serious societal matters"”, such as science
and technology, arts and music, business, economy,
and politics. In contrast, the feminine clusters as-
sociated with family, appearance, beauty, lifestyle,
and domesticity reinforce cultural expectations for
women to be "submissive" and "passive". Interest-
ingly, even the arts, typically considered "a soft
and feminine" domain in some cultures (Garlick,
2004), are predominantly represented by masculine
clusters.

It is important to note that our dataset has been
carefully filtered to exclude any obscene content or
sexual profanity. Considering the tableau above, if
such vocabulary words were present, they would
most likely form a feminine cluster.

To comprehend the distribution, attributions, and
findings discussed in the previous paragraphs, un-
derstanding the presence of patriarchy in Turkey
is crucial. Despite formal rules promoting gender
equality, patriarchal beliefs, values, and norms per-
sist. Turkey’s rankings in the Global Gender Gap
Report by the World Economic Forum reflect this,
with positions of 105th out of 115 countries in 2006,
130th out of 153 countries in 2020, and 127th out
of 145 countries in 2024 (below the global average

each year) ©.

While urbanization has led to advancements for
women in Turkish society, it remains a patriarchal
Muslim society where the family holds significant
importance. Research on the strength of patriarchy
focuses on factors such as religion, socio-economic
class, and ethnicity. Empirical analyses, like those
conducted by (Ozdemir-Sarigil and Sarigil, 2021),
reveal the persistence of powerful and widespread
patriarchal values and understandings in Turkish
society. These values are influenced by both ma-
terial and ideational factors. Notably, religiosity
contributes to the reinforcement of patriarchal ten-
dencies, and men exhibit significantly stronger pa-
triarchal values compared to women. Additionally,
patriarchal tendencies tend to increase with age,
indicating generational differences in patriarchal
values.

According to research by the Kadir Has Univer-
sity Women and Family Studies Research Center,
Turkish women face numerous challenges, includ-
ing violence, unemployment, lack of education,
street harassment, family pressure, gender inequal-
ity, and social pressure ’. Studies such as (Ozcan
et al., 2016) and (Guvenc et al., 2014) highlight the
pervasive issue of domestic and intimate partner
violence against women, often resulting in fatal-
ities. Femicide, especially the killing of women
by intimate partners, is also a significant concern
(Cetin, 2015; Eriik¢i Akbag and Karatag, 2024).
The wage gap in the workplace is another concern,
but the safety and protection of women’s lives take
precedence even before discussing economic dis-
parities.

In the context of patriarchy, where men are con-
sidered leaders and women are expected to be sub-
missive and passive, the adjectives "serious soci-
etal," "submissive," "passive," "soft and feminine"
used in the previous paragraphs align. Women are
often relegated to subordinate roles, leaving the
task of shaping society to men. This perspective
reinforces the findings of our research, which sup-
ports sociological work indicating that women face
challenges in Turkey. Our study demonstrates how
deeply ingrained patriarchy is within the culture
and how it influences language as well.

nan

6https://www3.weforum.org/docs/WEF_GGGR_2024.
pdf

"https://gender.khas.edu.tr/en/survey-publi
c-perceptions-gender-roles-and-status-women-tur
key
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Figure 1: Visualization of gender associations in the vocabulary words represented by the 300-dimensional Floret
embeddings. The vectors are reduced to 2 dimensions using the T-SNE algorithm (van der Maaten and Hinton,
2008). The visualization highlights that the online language space predominantly aligns with masculinity rather

than femininity.
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Figure 2: Distribution of syntax categories in the mC4 corpus, depicted as percentages (left). Gender distribution of

vocabulary words within each syntax category (right).

4.2 Academic Crawl

In the following analysis, we examine word vectors
trained on academic papers, with a vocabulary size
of 250,000. We initially anticipated this domain to
be relatively neutral; however, the distribution of
gender associations turned out to be similar to the
web domain. Approximately 12% of the words in
the academic corpus are associated with the female
gender, while the remaining 88% are associated

with the masculinity. Figure 4 presents the corpus
statistics and the distribution of syntax categories
based on gender.

Unlike the web domain, there is a lesser presence
of words related to traditionally "feminine" areas
such as cosmetics and domestic topics. However,
the number of health and science-related words has
increased, resulting in a relatively stable count of
adjectives and adverbs.
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Figure 3: A visual comparison of semantic representations. (left) Femininity: Emphasizing traditional gender roles
of homemaking, focusing on appearance, and limited involvement in professional life. (right) Masculinity: Freedom
to explore various subjects and pursuits including fields of art, science, and professions.
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Figure 4: On the left, the distribution of syntax categories in the Academic Crawl dataset is presented, represented
as percentages. On the right, the gender distribution of vocabulary words within each syntax category is depicted.

Moving on to verbs, there are notable differences
in this domain. The majority of verbs are denom-
inal verbs, which are formed by using a noun as
a copula and transforming it into a verb, such as
"olaydir" (olay + dir) and "degerleridir" (deger +
leri + dir). It is expected to have a significant num-
ber of denominal verbs in this domain, as copular
verbs are commonly used in formal and academic
Turkish writing. Surprisingly, most of the femi-
nine verbs are nominal verbs. The first group com-
prises nouns that are initially gendered as male but
are then inflected with a copula and several other
suffixes to become feminine verbs. The second
group includes feminine nouns that undergo nomi-
nalization and become feminine verbs. We further
analyze gender changes through inflection in the
morphology section (Section 5). Masculine verbs,
on the other hand, remain relatively consistent with
those found in the web domain, representing nor-
mal and common verbs in the Turkish language.

Nouns present a distinct pattern. Around half

of the nouns are associated with the female gen-
der, including certain scientific terms, public health
words, geographical names, and female names.
The other half consists of nouns with masculine
lemmas that become feminine nouns after under-
going suffixation. The addition of certain suffixes,
like the plural suffix, can alter the gender of a mas-
culine lemma. Since academic papers often contain
numerous plural and group nouns, these nouns con-
tribute to the overall count of feminine nouns, com-
pensating for the absence of explicitly "feminine"
words. The types of suffixes that affect gender are
further discussed in Section 5.

As anticipated, the corpus contains various sci-
entific terms such as "adsorpsiyon" (adsorption),
"basing" (pressure), "indiiksiyon" (induction), "for-
millasyon" (formulation), "elastikiyet" (elastic-
ity), "diftizyon" (diffusion), "fauna," "flora," as
well as names of sciences like "kimya" (chem-
istry), "biyokimya" (biochemistry), "psikoloji"
(psychology), and certain philosophical terms like
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"metafizik" (metaphysics), "oryantalizm" (oriental-
ism), "epistemoloji" (epistemology), and "popiil-
izm" (populism). Among these scientific and philo-
sophical terms, some are masculine (e.g., episte-
mology), while some are feminine (e.g., chemistry,
pressure). Appendix B provides a sample of femi-
nine scientific terms, which constitute a consider-
able portion of the corpus.

Overall, the scientific vocabulary, formal nature
of academic writing, and the specific types of suf-
fixation in formal written language contribute to
the inclusion of feminine words in this domain, re-
sulting in gender word counts similar to those in
the web domain. For a comprehensive word list in
the academic domain, please refer to Appendix B.

4.3 Medical Crawl

Due to its smaller size, we opted for an 80,000
vocabulary size for the word vectors in the Medi-
cal Crawl corpus. Figure 5 illustrates the corpus
statistics and the distribution of syntax categories
by gender, which closely resembles the academic
domain (depicted in Figure 4), albeit with a slightly
higher percentage of feminine nouns and adjectives.
One might anticipate a more balanced gender dis-
tribution in this domain; however, the proportions
of feminine and masculine words remain similar to
those in the web domain, with 13% of words are
feminine and 87% are masculine.

The increase in feminine adjectives is primarily
linked to the health vocabulary. Adjectives such
as "medikal" (medical), "jinekolojik" (gynecologi-
cal), "klinik" (clinic), "dermatolojik" (dermatologi-
cal), "kronik" (chronic), and "kardiyak" (cardiac)
predominantly exhibit feminine associations and
are frequently encountered in the medical domain.
Masculine adjectives, on the other hand, consist
mostly of common words in the language, such
as "ritmik" (rthythmic), "mutlu” (happy), "ailevi"
(domestic), "kece" (felt), "yagh" (oily), "radyoak-
tif" (radioactive), "kilolu" (overweight), "glutensiz"
(gluten-free), "manyetik" (magnetic), and "giincel"
(current). However, some medical domain adjec-
tives also exhibit masculinity. Examples of such
words can be found in Appendix C.

Moving on to nouns, as mentioned earlier, nu-
merous medical terms are gendered as female, con-
stituting a significant portion of feminine nouns.
The remaining feminine nouns originate from in-
flected masculine words, similar to the patterns
observed in the academic domain. Further explana-
tion regarding this phenomenon can be found in the

morphology section (Section 5), and a list of such
words is provided in Appendix C. Masculine nouns
mostly consist of common nouns used in written
language.

Regarding verbs, masculine verbs primarily com-
prise common words in the language. Most of the
feminine verbs are nominal verbs, similar to those
in the academic domain, where nouns originally
gendered as male are inflected with a copula to
transform into verbs. A smaller portion of femi-
nine verbs are medical nouns that have undergone
inflection with a copula to become verbs. The per-
centage breakdown of the first and second group
of nouns is 85% and 15%, respectively. Examples
from both groups can be found in Appendix C.

Overall, the results align with those observed
in the academic domain, with the medical domain
exhibiting a greater presence of feminine words to
some extent.

S Morphology and gender

This section of our research is not specific to any
particular domain; instead, we focus on exploring
the role of morphology. Specifically, we investigate
how certain types of suffixes influence the gender
of words. We examine each type of suffix in detail
within this subsection.

As mentioned in previous sections, our choice
to use subword-enriched word vectors is motivated
by a significant factor: we aim to generate repre-
sentations for suffixes as well. In Turkish, a typical
word is composed of morphemes, a lemma, and a
list of suffixes, with each suffix carrying its own
meaning. In this section, we demonstrate the se-
mantic impact of suffixes on the gender dimension.
We discuss various groups of suffixes, providing
further explanations and examples for each group.
For a comprehensive understanding of Turkish mor-
phology and detailed explanations of these suffix
groups, refer to (Karslake, 2021).

5.1 Inflectional suffixes

5.1.1 Nominal suffixes

Number. The plural suffix "-lIAr" has the effect
of changing the gender of some lemmas, predom-
inantly from masculine to feminine. This could
be attributed to femininity often being associated
with a communal sense, family, and cooperation,
resulting in plural nouns being mostly represented
as feminine. However, in some cases, this suf-
fix can transform feminine words into masculine
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Figure 5: The percentages of syntax categories in the Medical Crawl dataset are illustrated on the left. On the right,
the gender distribution of vocabulary words within each syntax category is displayed.

words, although this occurs less frequently. Figure
6 presents the statistics for the usage of the plural
suffix in the three domains mentioned above.

Possession. With these groups of suffixes, we
do not observe any significant gender-altering ef-
fects for singular persons. That is, possessive first,
second, and third person singular suffixes ("-Im",
"-In", "-(s)I'") have minimal impact on the gender
of the word. However, when it comes to plural per-
son suffixes, there is a slight shift. The possessive
first and third person plural suffixes ("-Imlz" and "-
1ArI"), for instance, can transform some masculine
lemmas into feminine words (e.g., "ev+imiz" mean-
ing "our house," "ev+leri" meaning "their house").
This may be attributed to the same communal sense
observed with the plural suffix. On the other hand,
the second person suffix ("-Inlz") within this cate-
gory does not have the same effect.

Case. We did not find any evidence suggesting
that case suffixes are significantly related to gender.
In very rare cases, these suffixes may change the
gender of a word, but for the most part, they do not
have an impact on gender.

ki. The suffix "-ki" serves two functions: when
added to the genitive case of a noun, it forms a
possessive pronoun (e.g., "kedi+nin+ki" meaning
"one belonging to the cat"), and when added to
the locative case of a noun, it creates an attributive
adjectival phrase (e.g., "oda+da+ki vazo" meaning
"the vase in the room"; "On+iiniiz+de+ki" meaning
"the one in front of you"). In the first case, we did
not find any instances of gender change. However,
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in the second case, "-dAki" does rarely alter the
gender of both masculine and feminine lemmas.
Nevertheless, we can conclude that "-ki" is not
significantly related to the gender of a word.

5.1.2 Verbal suffixes

Voice. Causative, passive, reflexive, and recipro-
cal suffixes belong to this group. Except for the
passive voice, we did not find any instances where
verbs changed gender due to these suffixes. We
believe that these suffixes have no significant ef-
fect on verb gender, except for the passive voice.
The passive voice changes masculine verbs into
feminine verbs, but not the other way around. We
attribute this to the societal perception of females
being associated with passive roles.

Negative marker. The negative marker "-mA"
has an impact on verb gender. This suffix alone
can change the gender of a verb (e.g., "liretmek(F)-
tiretmemek(M)," to produce and not to produce),
and when combined with other suffixes, it can also
alter the gender (e.g., "tanimak(M)-tanimamak(M)-
taniyacaksin(M)-tanimayacaksin(F)," to know, not
to know, you’ll know, you won’t know). Most verb
lemmas tend to maintain their gender when only the
negative marker is added, accounting for approxi-
mately 5% of all verbs. However, when multiple
suffixes are added, the possibilities become more
varied, leading to new verb semantics.

Tense/aspect/modality. We did not come across
any cases where verbs changed gender due to these
suffixes.
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Figure 6: Left: Percentage of plural nouns compared to all nouns in each domain. Academic and medical domains
have a higher proportion of plurals due to the text genre. Right: "Feminine/masculine plurals” indicates the
number of plural feminine/masculine nouns. The columns represent the concentration of words with masculine
lemma-+plural suffix and feminine lemma-+plural suffix. Around half of feminine plurals are derived from masculine
lemmas, while masculine plurals are mostly inflected from masculine lemmas.

Personal markers. We did not find any instances
where verbs changed gender due to these suffixes.

Copular markers. Copular markers present a
different scenario. Based on the counts from the
corpora of the three domains, the copula does not
change gender. However, when inflecting a noun
into a verb, several suffixes are typically added to
the noun lemma, and some of them are gender-
changing suffixes, such as the plural suffix (e.g.,
"g6z(M)-gozler(F)-gozlerdir(F)"). As a result, the
gender of the word changes. We observed that in
the academic domain, many feminine verbs are
formed in this manner, as masculine lemmas tend
to shift towards feminine more frequently through
suffixation.

Inflecting a verb from another verb is a
completely different case; this situation can
change the gender (e.g., "aglamak(M)-aglamig(M)-
aglamistir(F)"). We already found out that most
verb lemmas are masculine, and quite a few verbs
in this category are found in academic and med-
ical domains due to the formal written language,
contributing to the count of feminine verbs.

Subordinate suffixes. In this section, we ex-
plore suffixes that convert verbs into nouns, adjec-
tives, and adverbs. Participles (e.g., "yaratmak(M)-
yaratan(M)," to create - creator) and converbs (e.g.,
"gitmek(M)-gider(M)-giderken(M)," to go, goes,
while going) maintain the gender of the lemmas.
However, when it comes to verbal nouns, the situa-
tion is slightly different. Some masculine verb lem-

mas, when suffixed to become a noun, transform
into feminine nouns (e.g., "dokunmak-dokunma,"
to touch - the touch). We attribute this to actions
being masculine, and when a word transitions from
being a verb to being a noun, it loses the concept
of action and becomes feminine.

5.1.3 Derivational suffixes

Derivational suffixes have the potential to shift
the gender of words, although the reasons be-
hind these shifts may not always be semanti-
cally clear. For example, in the triplet denge(M)-
dengesiz(M)-dengesizlik(F) (balance-unbalanced-
instability), the first word is the lemma and is mas-
culine, while the derived forms are masculine and
feminine.

Nominal->nominal derivation. In this category,
masculine lemmas tend to shift towards feminine
words more often than feminine lemmas. However,
in rare cases, feminine lemmas can shift towards
masculine words, as seen in the example saglik
(F)-saglik¢1 (M) (health-healthcare worker), where
a concept transitions into a profession, which is
typically associated with masculinity.

Nominal->verb derivation. Suffixes in this cat-
egory typically shift feminine lemmas to mascu-
line derived forms, as in the example sendika (F)-
sendikalagsma (M) (labor union-unionization). This
shift aligns with the observation that masculinity
are more commonly associated with actions, as dis-
cussed in the previous section. Masculine noun
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lemmas, on the other hand, do not change gender
and become masculine verbs.

Verb->verb derivation. Suffixes in this category
do not significantly change the gender. Since these
suffixes do not alter the meaning of the verb sub-
stantially, the gender category remains the same.

Verb->nominal derivation. Most suffixes in this
group do not change the gender. However, when a
gender shift occurs, it predominantly affects mascu-
line lemmas. Masculine verb lemmas become fem-
inine nouns, as seen in the example toplanma(M)-
toplant1(F) (to gather-a meeting). This can be ex-
plained by the association of actions with masculin-
ity, so losing the aspect of being an action may
imply becoming feminine.

We have provided examples of each gender-
changing suffix in this section in Appendix D.

6 Conclusion

This paper examines the presence of gender bias
in static word embeddings of the Turkish language.
The findings indicate that gender biases are preva-
lent across various aspects, including word fre-
quency, parts-of-speech, clustered concepts, word
meaning dimensions, and even in the smallest units
of the language, such as suffixes. Overall, the re-
sults reveal a pervasive association of words and
concepts with men rather than women in Turkish
pretrained embeddings. Furthermore, the study
demonstrates how gender associations are differ-
entiated based on parts-of-speech and clusters of
concepts, with women being more associated with
nouns and domestic content, while men are more
associated with "serious matters." These findings
raise concerns about the amplification of gender
biases in Al and society through social, cultural,
and digital mechanisms.
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A Sample Words from the mC4 Dataset

Content Warning: The following word lists con-
tains feminine and masculine words from the mC4
corpus, sorted by syntactic categories. The results
might be triggering.

A.1 Female associated words

Noun aktris, allik, anasi, annesini, agk, bacim,
bakim, bayanlar, bebek, blogger, cicek, c¢icekei,
cocuk, dansci, dansoz, dekorasyon, Donna,
ebeveyn, ev, evlilik, far, feminizm, fondéten, fo-
tografci, giizellik, giil, hanimlar, hastane, hastanel-
erde, hemsire, hamilelik, hali, iletisim, ipekyol,
kadinlarinin, kadinlarimizi, kadinlarin, kadinligini,
Karisi, kizlarin, kleopatra, kralice, kuafor, kuafor,
kiyafet, lale, Ludmila, magazin, makyaj, makyoj,
manken, mankenlik, Mary, moda, modaci, mobilya,
molina, mutfak, 6zbakim, oda, parfiim, podyum,
Prada, Queen, rimel, ruj, saglik, sivilce, stilist,
slipiirge, tanrica, tasarimct, temizlik, tedavi.

Verb asilamak, beklemek, beslenme, bilmeliyiz,
biliyorsun, bosanmak, boyamak, biiyiimek, biiyiit-
mek, ciceklendi, ¢ciceklenmek, dayanigmak, dogan,
dogurdugu, dogurdugum, doguran, dogurmak,
emzirmek, evlenmek, filizlenmek, flortlesme,
giizeldir, haberlerdir, hastalanma, iyilestirme,
kargilagilmaktadir, kadindir, karisidir, oyalamak,
ovalamak, olusturuluyordu, silkeleme, silme,
sliplirme, temizleme, temizlerse, tanrigaydi, yedim,
yemedim, zayifladim, zayiflama, zayiflayamadim.

Adjective beyazli, dosemelik, erotik, esmer,
giizel, kadife, kadifemsi, klinik, kozmetik, kum-
ral, lezbiyen, mavili, narin, sarigin, simsiyabh, sisli,
siislii, yosma, zarif.

Adverb aglarken, dogaclama, dogal, dostca,
giizelce, giizellikle, hamileyken, narince, soldukga,
usulca, zarifce, kiistahga, yazin.

A.2 Male associated words

Noun adaylarini, agabeycigim, Ahmet, Akademi,
akademisyen, aklinizdan, albiimlerinde, Allah,
analiz, araba, arastirmada, artezyen, Aselsan, asker,
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atmosferde, baba, basmiihendis, Belgeselin, be-
lirti, belgeselini, beylerinden, bileklerinin, bil-
gisayar, bilimler, Bursaspor, cami, cemaatine,
CEOQ, Charles, CTO, cavus, cellist, dava, dedektif,
demiryolu, deneyim, destan, devrim, docent, dok-
tor, doktrin, durum, domates, ekonomist, embriy-
olog, erkek, Eskimo, esofman, eczaci, evresi, ezan,
fermenstasyon, gazeteci, gencler, girisimci, gizlil-
igine, hareketlilik, Havelsan, heykelin, Hocamiz,
ihbar, insan, insanlarla, integral, intihar, isim-
lerinden, istatistik, ittifak, iyimserlikten, jeostrateji,
kafatasi, kahramanlar, kalabaliktan, Kanalinin,
Kardeslik, kemanci, kesimlerinde, kapsiilde, kisim-
larda, kizilderilisi, kilise, kongerto, konsollar, koz-
monot, liderinin, lig, macera, marangoz, masrafi,
masraflari, mektuplarini, meslektag, meyvesi, mi-
mar, Mustafa, miifettisligini, miihendis, oglan,
oglum, ogullari, olay, onbagi, Onur, operasyon,
oyun, Peygamber, pilot, planor, profesor, proje,
puma, rakiplerine, referandum, rehberlik, reklam,
rektor, ressam, roket, Roketsan, sanatgi, savasta,
sembol, Sorumluluklarin, soykirimin, subay, sultan,
TAI, tarafimla, tatbikat, teknede, telefon, temas,
terzi, toplantiya, Trevor, uydu, yonetici, yonetmen,
ylizbagt.

Verb acilmak, agmak, ayrilabilir, ayrilirlar, ayril-
mak, bulugsmak, buharlagsmak, déviismek, diisiin-
mek, fokurdamak, gerilmez, goriismek, haczetmek,
hafifsemek, halletmek, hallolmak, hapsetmek,
hapsolmak, hapsirmak, harcamak, hatirlamak,
helallesmek, hortlamak, hosgoérmek, hoslagsmak,
hoykiirmek, hitkkmetmek, hirpalamak, hickirmak,
hisirdamak, 1sirmak, 1sitmak, icmek, ikilemek, il-
erlemek, iletmek, ilismek, imrenmek, inmek, bin-
mek, inanmak, incelmek, incelemek, incinmek, in-
citmek, indirgemek, ineklemek, inildemek, kalk-
mak, kapamak, kapismak, kapanmak, kaydetmek,
kaydolmak, kacigmak, kagmak, kirpmak, konus-
mak, konusturur, niyetlenmek, oturmak, pismek,
savsaklamak, sevinmek, somiirmek, sozlesmek,
sozetmek, sorustur, siiblimles, tartismak, tamam-
lamak, tamamlanmak, tekrarlamak, tingirdamak,
ucmak, uyanmak, uyandirmak, uyumak, uyutmak,
yalvarmak, yakarmak, yerlesmek, yemek, yinele-
mek, zangirdamak.

Adjective absiirt, ahlakli, ahlaksiz, akilli, akilsiz,
alkolik, alternatif, amator, aylak, ayrimsal, barbar,
basamakli, becerikli, belgikali, bencil, bloke, birey-
sel, bilyiik, biitiinsel, capcanli, devrimsel, dik, dik-
ili, dolandirici, dogulu, diisman, egitimli, erigkin,
erkeksi, evrendeki, faydali, faydasiz, gercek, ger-

izekali, glinahsiz, homojen, hirsli, hirssiz, ilging, in-
sanli, insansiz, indirgeyici, ineklemek, indirgemek,
inilmek, kanatli, kanatsiz, keyifli, keyifsiz, kesikls,
kisisel, kokusuz, kral, kii¢iik, kursunsuz, miikem-
mel, miisterek, miisliiman, olgun, opsiyonel, pa-
gan, paralel, pasif, periyodik, pratik, profesyonel,
sahte, sahtekar, sagci, salak, savasci, seckin, strate-
jik, suclu, sugsuz, tertemiz, teorik, yetigkin.

Adverb akillica, algakca, amacsizca, aniden,
apacik, aptalca, aksine, asil, acikca, bastanbaga,
beraberce, bilahare, biisbiitiin, biiyiikce, dikkatlice,
diipediiz, diismanca, diismanca, erkekce, gencken,
garipce, hala, hari¢, hizla, hizli, hizlica, heniiz,
hukuken, ileri, kasten, kazara, kisaca, kisaca,
rahatca, saatlerce, saatlerce, saygisizca, sinsice,
siyaseten, sirf, siirekli, tahminen, tamamen, tersine,
uzaktan, yavas, yavasca, zaten.

B Sample words from Academic Crawl

B.1 Female associated words

The color green is used to visually highlight the
masculine word lemmas within feminine words.
This distinction specifically pertains to the lemmas
within the set of feminine words.

Noun ler, Avrupa, basing, bilgi, Budizm, der-
matoloji, lik, ler, diializm, ekonomi,
embriyoloji, Endokrinoloji, enformasyon, ente-
grasyon, leri, farmakoloji, felsefe, feministlere,
feminizm, Fenomenoloji, lar1, fonksiyonu,

fonksiyon, lar, formasyon, Gastroenteroloji,
gelenegi, meler, hastalik, Hititoloji, Hiiman-
izma, lar, iletisim, Immiinoloji, inang, is-

tatistik, Jinekoloji, Kadinlar, kadinlarimiz, Kanji,
Kardiyoloji, lar, komiinizmi, kriptoloji, liber-
alizm, lirizm, literatiir, Manihaizm, Meiji, mekaniz-
masl, metodolojilerle, Modernizm, motivasyonlari,
Miizikoloji, Natiiralizm, olusumu, si, or-
ganizasyon, organizma, ler, postmodernizm,
psikoloji, Realizm, regresyon, ler, Rusya,
Saglik, simiilasyon, sinizm, larin, Saman-
izmi, tedavi, malari, tiretim, iiriin, ler,
volatilite, Wallis, Whitney, larinin.

Verb aynasidir, bilinmektedir, bilmektedir,

bilmektedirler, bilmekteyiz, bilmekteydiler,

bilmislerdir, bilmistir, ¢ciceklenme, cicektir,
mesidir, dokumalardir, duygularidir, fonksiy-

onudur, gelenegidir, gelmesidir, lesmemistir,
gidalardir, tiir, giizeldi, glizeldir, leridir,
inanclaridir, dirmaktadir, lerdir,
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leridir, koleksiyonudur, kuruluslardir,
kulturlerdir, kiitiiphanesidir, maliyetleridir,
matrisidir, mekanidir, mekanizmadir, mekaniz-
malardir, metinleridir, metodolojidir, mustur,
turabilmektedir, lardir, sanatidir,
sanattir, lardir, tedavidir, tedavisidir,
idir, ilkelerdir, iilkeleridir, iretmektedir,
iretilmistir, tiretimdir, iretmektir, iiretmekteydi,

dir, lardir, sidir, lerdir, yer-
lesimidir, dir, idir, lerdir,
leridir.
Adjective anaerkil, bilgiislemsel, cinsel,
dokuma, elyazmasi, epidemiyolojik, estetik,

farmakolojik, finansal, Kadinsi, logaritmik, liiks,
magazinsel, medikal, rahmani, sismik.

Adverb giizellikle, lesmeyince, siislenip.

B.2 Male associated words

Noun anavatanlarina, arkeoloji, belediyeyi, dog-
matizm, ekoloji, empatiye, emperyalizm, engellil-
erde, evrensellige, egzistansiyalizm, Eyaletler, feo-
dalizm, geometrilerin, giivercinlerin, hademe, hiy-
erarsiden, hisse, hipofiz, imtiyazlara, insandan,
islevselliginde, iskoluna, 1s1yla, kademeleri, Kat-
sayisinin, kesitler, kiralardan, kirislere, Koordi-
nat, kozmogoni, kozmoloji, konstriiktivizm, lev-
halardan, liberalizm, macerasinin, Nevrotiklik,
nepotizm, nesnellige, oosit, oranlilik, organizma,
oryantalizm, ozon, parlamenter, perakendecileri,
prensip, profesoriin, rasyonelizm, rasyonalizminin,
sarkiyat, sarkiyat¢i, sezonlarda, sevingleri, sig-
ortacilifinin, sosyalizm, Stalinizm, Saltanatin,
sembolizm, sembolizm, siibjektivizm, tasitlardan,
teknoloji, tipoloji, totemizm, uzuv, uzamlar, uzam-
lar, yagmurlarinin, Orgiitlerinin, 6ngoriisiiniin.

Verb alikoydu, alinmustir, almaktadir, anlatiy-
ordu, baglaniyordu, bilememektedirler, biliyordum,
bitirdik, bulunmugtur, bulugsmustur, buyurdu,
diyordum, duygu, duydular, durmayacagiz,
durdurulmustur, durulmustu, diizenlememistir,
diizenlenmemektedir, etmistir, gerekmektedir,
gereksinimleridir, getirmemelidir, getirmeyebilir,
gormemigler, gostermektedir, karsilagildi, karsilan-
madi, karsilamaktadir, kaybolmaktadir, kokuyordu,
korkuyordu, kullanilmistir, kurudu, olmamasiydi,
olmustur, olurdum, olusturabilecektir, olustura-
bilirler, olusturulabilmektedir, olusturuluyor,
secilmisti, se¢misti, soylilyordum, saglanamadi,
siddetlendirmistir, siirdiiriiyordu, tanimislardir,
tantyor, ulagsamayiz, ulagtirabilmektedir, iiretiliy-

ordu, iiretiliyor, yapilandirilmaktadir, yapilmistir,
yaratirlar, yayinlanmasidir.

Adjective ahlakli, ahlaksiz, alayli, ayrimsiz,
Babasiz, barbar, bohem, biiyiik, budakli, ¢ekird-
ekli, cetrefilli, ciiretkar, diiriist, dortlii, ekstrem,
eksantrik, ereksel, evreli, geveze, heteroseksiiel, ik-
ili, ikincil, insaniistii, karbonik, karsilikli, kusakli,
kusaksal, kursunsuz, opsiyonel, sagci, secenekli,
seckin, sozlesmesel, sdzlesmesiz, suglu, taahhiitlii,
teist.

Adverb ahlaken, ahlaksizca, akilsizca, apagik,
apansiz, baskilayarak, bilgilendirmeden, bil-
gilendirilerek, bilmeyip, borclanarak, biis-
biitiin, cabucak, cocukken, dokunup, donatip,
diiriistce, ezbere, evrilerek, girerek, giydirerek,
gencken, hoyratga, izletilerek, karsilanmadikea,
kargilagilirken, reddedip, sekillendirip, silkinip,
suclanarak, tamamen, tercihen, usulca, ulagila-
mazken, ulagilinca, vekaleten, yillarca, yaglaninca.

C Sample words from Medical Crawl

C.1 Female associated words

The color green is used to visually highlight the
masculine word lemmas within feminine words.
This distinction specifically pertains to the lemmas
within the set of feminine words.

Noun ler, lar, lar,
lar, lerimizin, lerine, leri,

leri, lar, lar, lartyla,
lar, ler, ler, lanyla, lanyla,
lerinin, lar, lar, leri,
lerin, leri, lerin, akne,

anafilaksi, anemi, anestezi, anesteziyoloji, ajita-
syon, basing, basinci, biyokimya, bulanti, cilt,
dahiliye, dejenerasyon, depresyon, difiizyon,
drenaj, enfeksiyon, enfeksiyon, enjeksiyon,
fizyoloji, fizyoterapi, hastaik, hastaligi, hastane,
hemodiyaliz, hemgire, hemsirelik, hipertansiyon,
hipoglisemi, infertilite, influenza, kardiyoloji,
lupus, maliyet, mamografi, mesane, migren,
miyokard, Obstetrik, poliklinik, psikiyatri, RNA,
sedimantasyon, sintigrafisi, sistem, saglik, saglik,
sagligi, tedavi, tedavi, tedavisi, tip, vitamin, viicut,
yontem, yontemi.

Verb agristydi,  bilgilerdir, dirilir,
bilinmektedir, mamasidir, laridir,
lardir, hastaligi, hastaliklardir, hastaliklaridir,
hastaliktir, hemsirelerdir, histerektomidir, infek-
siyondur, inanc¢lardir, kadind1, kadindir, 1dir,
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laridir, kuruluglardir, kurulustur,

kulturidiir, lardir, dir, maktaydi,
masidir, mustur, turabilmektedir,
turmaktadir, turulamamugtir,
turulmaktadir, turulmasidir, turur,
radyoterapidir, udur, lerdir, teda-

vidir, tedavisiydi, idir,
yontemleridir, yontemlerdir.

1dir, vitamindir,

Adjective klinik, kadin, ana, medikal, disi, fi-
nansal, jinekolojik, farmakolojik, salgin, cinsel, epi-
demiyolojik, kozmetik, estetik, Kardiyak, Kardiy-
ovaskiiler, istatistiki, finanse, memeli, 16semili,
kliniksel, lezbiyen.

Adverb evdeyken, konunca, bilgilendirilip, kas-
ten, inince.

C.2 Male associated words

Noun ameliyat, antiserum, gosterge, idare,
katilimcilar, tiikkenmiglik, atrofi, refleks, sinir, al-
gilama, miilakat, laboratuvarlarina, bilim, sezaryen,
islevsellige, projeksiyon, Histopatolojik, kongre,
hidrolize, vezikiiller, genotip, 6nlem, adaptasyon,
antidepresanlar, yetkinliklerini, Hesaplamalarda,
kombinasyonlari, semptomlardan, kalitim, ser-
atonin, baglami radyolog, kontrendikasyonlar,
aminoasit, rektum, hormon, sterilizasyonun,
lezyon, lokalizasyonunda, rejenerasyon , anamnez,
metastaz, olgularimizdan.

Verb agridir,  komplikasyonlardi,  olustu-
rulabilmektedir,  olusturabilirler,  degisiklik-
leridir, bildirmemistir, yaratirlar, saglanamadi,
gerceklestirebilmektedir, kimyasallardir, rast-
lamamuslardir, bilmiyor, olusturulmalidir,
kaybetmigstir, karsilasmamig, gerceklesebilmek-
tedir, kaybedilmigtir, karsilastik, yitirmektedir,
kiimesidir, olusturmalidirii olusturmustur, olustur-
maktadir, olmaktadir, olmaktaydi, olusturmaktaydi,
olusturabilir, olusabilir, ulasabilmektedir, ulaga-
manmugtir, ulagsmigtir, kaybedebilir, kazanabilir.

Adjective hasta, yiiksek, onemli, anlamli, diisiik,
ortalama, bagl, cerrahi, farkli, istatistiksel, bilyiik,
normal, iligkili, genel, sosyal, ayni, farkli, etk-
ili, pozitif, gerekli, uygun, nadir, siirekli, bilimsel,
ekonomik, sinirli, riskli, fonksiyonel, radyolojik,
miimkiin, kaynakli, kardiyak, biitiin, spesifik, yiik-
seki toplumsal, direncli, alternatif, dis.

Adverb olarak, olup, birlikte, erken, ozel-
likle, sirasinda, kullanilarak, karsi, alinarak, hizli,

bakimindan, edilerek, giderek, yapilarak, uygula-
narak, esnasinda, yalnizca, takiben, ederek, kulla-
narak, araciligiyla, degerlendirilerek, baglamadan,
dayanarak, cabucak, yapmayip, yapmazken, sorun-
suzca, yemeden, akillica, puanlanirken, kullanmak-
tayken, gizlice, gerekmedikce, geciktirilmeden.

D Sample surface forms of
gender-altering suffixes

All the examples are derived from the word vectors
that have been trained on the mC4 corpus.

D.1 Nominal suffixes

Plural suffix -lIAr. dinamikler, gecekondular,
geziler, goriismeler, ihtiyaclar, kitaplar, konular,
miizeler, siirecler, surlar, tapinaklar, tesisler.

Possessive suffixes -Imlz and -lArl. akil-
lar1, aklimiz, bilingaltimiz, bugiiniimiiz, biiro-
muz, cumhuriyetimiz, dergimiz, memleketimiz,
midemiz, odalari, ormanlarimiz, Programimiz, gir-
ketimiz, taleplerimiz, tanitimimiz, tulumlari, yo-
neticimiz.

In the provided examples, the lemmas are exclu-
sively masculine, while the resulting word forms
are exclusively feminine. The red color is used to
indicate the passive voice marker in the examples.

D.2 Verbal suffixes

Passive voice. gitmek-gidilmek, iiretmek-
iiretilmek,  yakaladi-yakalandi,  yakalamak-
yakalanmak, yakalayacaksin-yakalanacaksin.

In the provided examples, the lemmas are exclu-
sively masculine, while the resulting word forms
are exclusively feminine. The red color is used to
indicate the passive voice marker in the examples.

Negative marker -mA. bilmek(F)-bilmek(M),
tanirtm(M)-tanimam(F), tantyacaksin(M)-
tanimayacaksin(F), iiretmek(F)-iiretmemek(M).

The red color is used to indicate the negative
marker in the examples.

Copular markers. aglamak-aglamig-aglamigtir,
bilmek-bilmig-bilmiglerdir, gelmek-gelmis-
gelmistir, gitmek-gitmis-gitmiglerdir, kaybolmakta-
kaybolmaktadir, olugsmus-olusmustur.

In the provided examples, the lemmas are exclu-
sively masculine, while the resulting word forms
are exclusively feminine. Copular markers are in-
dicated with the red color.
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Subordinate suffixes. dokunmak(M)-
dokunma(F), kapamak(M)-kapama(F), uymak(M)-
uyma(F), dolamak(M)-dolama(F).

D.3 Derivational suffixes.

Nominal->nominal. denge(M)-dengesizlik(F),
kimse(M)-kimsesizlik(F), nem(M)-nemlilik(F),
sair(M)-sairlik(F).

Nominal->verb. fena(F)-fenalasmak(M), flu(F)-
flulasmak(M), kadife(F)-kadifelesmek(M)

Verb->nominal bulanmak(M)-bulanti(F),
gormek(M)-gorenek(F), toplanmak(M)-
toplant1(F).
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Abstract

Gender bias has been extensively studied in
both the educational field and the Natural Lan-
guage Processing (NLP) field, the former using
human coding to identify patterns associated
with and causes of gender bias in text and the
latter to detect, measure and mitigate gender
bias in NLP output and models. This work aims
to use NLP to facilitate automatic, quantitative
analysis of educational text within the frame-
work of a gender bias taxonomy. Analyses of
both educational texts and a lexical resource
(WordNet) reveal patterns of bias that can in-
form and aid educators in updating textbooks
and lexical resources and in designing assess-
ment items.

1 Introduction

Educational materials for children such as reading
comprehension articles or test assessments often
protagonize real or fictional characters with gender
information, rendering the materials more engag-
ing (Brugeilles et al., 2009). They, however, could
carry implicit gender bias and thus potentially re-
inforce gender stereotypes via children’s learning
process (Waxman, 2013; Doughman et al., 2021).

One example of such gender bias in educational
materials lies in the asymmetrical distribution of
males and females in human-generated text such as
textbooks, where male and female characters tend
to take on different social roles (Brugeilles et al.,
2009). Additionally, such gender bias surfaces in
the lexical entries and definitions in dictionaries.
An open letter (Flood, 2023) calls on Oxford Uni-
versity Press to change its "sexist" definitions of
the word "woman."

Most research on gender bias in the educational
field relies on qualitative methodologies suitable
for small-scale analyses (e.g., Namatende-Sakwa
(2018); Phan and Pham (2021)). In contrast, gender
bias studies in the field of NLP mostly attempt to
identify, quantify and mitigate gender bias in NLP

applications (Savoldi et al., 2021; Zhao et al., 2019;
Bordia and Bowman, 2019), with few looking at
educational texts (Li et al., 2020).

Towards the aim to identify and analyze gen-
der bias in educational data using NLP methods,
in this paper, we first review recently developed
gender bias taxonomies (§3) with an extension to
incorporate new types of bias in text. Using NLP
techniques, we extract gendered mentions' from ed-
ucational materials (e.g. textbooks, reading materi-
als, etc.) and a lexical resource (WordNet2 (Miller,
1992)). We quantify different types of gender bias
therein to reveal the linguistic patterns most closely
associated with such bias. Our contributions in-
clude: (1) adopted and extended existing gender
bias taxonomies and developed a pipeline for the
extraction of person mentions and linguistic fea-
tures (§4); (2) designed an analysis method for
identifying various types of gender bias in text in
different dimensions (§5); and (3) applied the anal-
ysis method to educational datasets to demonstrate
the presence of different types of gender bias.

2 Bias Statement

In this work, we attempt to examine gender bias
in human-generated text and specialize it to educa-
tional resources such as textbooks, test assessment
items and lexicons. We adopt the definition of gen-
der bias as given in Doughman et al. (2021): "an
exclusionary, implicitly prejudicial, or generalized
representation of a specific gender as a function of
various societal stereotypes." Here we employ and
extend existing gender bias taxonomies (Hitti et al.,
2019) and examine different types of gender bias
in educational resources.

People implicitly associate certain behaviors or

'We recognize and acknowledge that gender is a spectrum
rather than binary; however, in this work, we focus solely on
investigating gender bias concerning male and female genders,
as explicit non-binary entries in available data are scarce.

2https: //wordnet.princeton.edu/
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traits to a specific gender, creating gender stereo-
types. Such bias in educational resources can be
learned by children through the early process of
learning (Waxman, 2013; Doughman et al., 2021)
and further perpetuates gender stereotypes. For
example, it has been shown that women are gener-
ally less represented in textbooks and often associ-
ated with family-related roles and traits, whereas
men are over-represented and often associated with
work-related roles. Such differentiated represen-
tation of male and female genders in textbooks,
which often serve an instructional purpose, cre-
ates a false imagery for children with respect to
what roles men and women are expected to under-
take, producing unnecessary and harmful gender
stereotypes. Furthermore, lexical resources such
as WordNet are often used to train NLP systems
or as external knowledge bases. The implicit bias
within these resources can be passed on to produce
biased system outputs that can potentially cause
representational harms (Blodgett et al., 2020).

Here, we investigate gender bias in educational
resources only for male and female genders for the
following reasons: (1) the datasets used for anal-
ysis are not recent and up-to-date (all educational
datasets are published before 2018). Therefore,
the number of people mentioned in those datasets
whose gender is non-binary gender is limited; (2)
the NLP systems such as coreference resolution in
the current pipeline to extract person mentions can-
not reliably detect and extract people of non-binary
gender. In future work, once trustworthy NLP sys-
tems that can reliably detect and extract people of
non-binary gender become accessible, the analyses
can be extended to incorporate the comparison be-
tween binary and non-binary genders by using the
same overall pipeline and analysis methods (e.g.
odds ratio analysis).

3 Related Work

In this study, we focus on gender bias in educa-
tional data. We first discuss a taxonomy of gender
bias in human-generated text and then review pre-
vious research on gender bias in the educational
field and in NLP research.

3.1 Taxonomy of Gender Bias

To meaningfully categorize various kinds of gen-
der bias, Hitti et al. (2019) propose two types of
gender bias in text: structural and contextual
bias. Structural bias "occurs when bias can be
traced down from a specific grammatical construc-

tion," including gender generalization (e.g., generic
he) and explicit marking of sex (e.g., "chairman"
vs. "chairwoman"). Contextual bias "requires the
learning of the association between gender marked
keywords and contextual knowledge," which in-
cludes societal bias, where traditional gender roles
reflect social norms, and behavioral bias, which
is a generalization of attributes and traits onto a
gendered person. Examples are given in Table 1
(B3 (1) and (2)).

Based on Hitti et al. (2019), Doughman et al.
(2021) and Doughman and Khreich (2022) pro-
vide a more fine-grained taxonomy with five types
of gender bias, linking each type to possible real-
world implications. Our work builds on and ex-
pands the taxonomies, as further described in §4.2.

3.2 Gender Bias Studies in Educational Field

There exists substantial research on gender bias
in educational settings for various languages and
regions, including: English textbooks in Uganda
(Namatende-Sakwa, 2018) and Vietnam (Phan and
Pham, 2021), in Vietnamese story textbooks (Vu,
2008) and Arabic textbooks (Izzuddin et al., 2021).

Research on gender bias in educational corpora
mostly resorts to traditional approaches such as con-
tent analysis (Stemler, 2001) and critical discourse
analysis (CDA) (Locke, 2004). Despite their obvi-
ous strengths in providing in-depth understanding
of gender bias, manual coding is required, which is
impractical for widespread use.

In this work, we study gender bias in an educa-
tional setting by building on linguistic constructs
associated with qualitative categories of bias, but
enable scalable quantitative analysis by applying
NLP methods.

3.3 Measuring Gender Bias in Text

Cryan et al. (2020) explore automating bias anal-
ysis in text by developing lexicon-based and ma-
chine learning algorithms for gender stereotype
detection from a corpus manually coded for gen-
der stereotypes. This approach is limited to the
particular gender stereotypes used in annotation.
An alternative approach is to compute some
statistic associated with gendered mentions in dif-
ferent linguistic contexts, leveraging NLP analysis
tools to automatically annotate linguistic contexts.
For example, Zhao et al. (2017) investigate and
define gender bias based on the ratio of the joint
probability of an activity (e.g., a verb) and a gender
group (e.g., female). Bordia and Bowman (2019)
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Type ID | Subtype Example Dataset
Structural Bias B1 | Explicit Marking of Sex policeman: a member of a police force WordNet
B2 | Generic he researcher: a scientist; who devotes himself; to doing research. Both
. . 1) sl ly woman vs. rich me
Contextual Bias | B3 | Contextual Bias (0 svoven Y “m,” n rich man Both
(2)Women are incompetent at work.
B4 | Distributional Bias for textbook dataset, 32, 884 male mentions and 14, 308 female
i . . Both
Additional Bias mentions are extracted.
B5 | Namedness for textbook dataset, 73.46% male mentions are named, while 32.02% | Corpora
females are named
B6 | Definitional Bias horseman: a man skilled in equitation WordNet
h(}rSe‘\V()l’ll}lll: a woman ll()l'S()lIl}lIl

Table 1: Taxonomy with types and subtypes of gender bias examined in this study, along with the dataset on which
specific subtype is investigated and examples. Additional bias types are newly added to this taxonomy. In the
examples, red indicates male gender; blue female; green neutral. Mentions that refer to the same person are
indicated by ¢. Examples in B1, B2, B3 (1) and B6 are the definitions of entries from WordNet. Example (2) in B3

is from Doughman et al. (2021).

use a point-wise mutual information (PMI) based
statistic. The odds ratio (OR) is often adopted
statistic for measuring gender bias in text (Valen-
tini et al., 2023), and will be adopted in our work.
An advantage of this approach of using statistics
on a range of linguistic contexts is that it can reveal
biases not anticipated in manual coding.

Studies that have taken this approach with texts
for children include Li et al. (2020), which explores
gender and cultural bias in U.S. history textbooks
used in Texas and Toro Isaza et al. (2023), which
investigates gender bias in fairy tales for children.
Our work is informed by these studies, but it is
grounded in a bias taxonomy, and we also investi-
gate a lexical resource.

3.4 Gender Bias Studies in NLP research

For NLP models, researchers look at the existence
of gender bias in word embeddings (Bolukbasi
etal., 2016; Caliskan et al., 2017; May et al., 2019),
large language models (LLMs) (Bordia and Bow-
man, 2019; Fatemi et al., 2023), and in tasks such as
coreference resolution (Zhao et al., 2018), machine
translation (Savoldi et al., 2021), among others.
Another important aspect of gender bias studies
in NLP concerns bias mitigation in NLP applica-
tions (Savoldi et al., 2021; Bolukbasi et al., 2016;
Park et al., 2018). These efforts are ultimately con-
cerned with downstream application impact. In our
work, the use of NLP is as a linguistic annotation
tool, and bias detection is aimed to support human
authors of educational texts.

4 Methodology

In this work, we adopt and expand the existing tax-
onomies for gender bias in human-generated text
and attempt to identify different types of gender
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bias in our datasets. We look at two types of data’:
educational corpora (denoted corpora henceforth)
and lexical resource (WordNet).

4.1 Datasets

There are two major types in the educational cor-
pora: Content and Exam (listed in Table 2). Con-
tent datasets mainly include open source text-
books (Michigan, 2014; Siyavula, 2014; CK12,
2007) and reading articles for K-12 education (e.g.,
CCS_doc4, wee_bit (Vajjala and Meurers, 2012),
and OneStop (Vajjala and Lucié, 2018)); Exam
datasets contain test items administered either in
the U.S. or internationally, including pisa (Pisa,
2015), naep_science and naep_math.5 These ed-
ucational corpora cover a wide range of subjects
such as math, science, history etc., and diverse lin-
guistic phenomena, offering a rich source for the
investigation of gender bias.

For lexical resources, we opt for WordNet ® for a
few reasons. It is widely used in the NLP field and
may thereby perpetuating potential biases in down-
stream tasks. Also, it serves as a rich lexical re-
source with definitions and semantic relationships
among words, which benefits our analysis. Lastly,
it offers users convenient and free access to word
entries and related information.

*Both types of educational materials examined in this pa-
per are in English.

4https: //corestandards.org/assets/Appendix_B.
pdf

5ht’cps: //nces.ed.gov/nationsreportcard/

5The latest version 3.1 contains only database files but
no code is available, therefore we use Version 3.0. https:
//wordnet.princeton.edu/
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Dataset Content Exam

textbook CCS_doc wee_bit OneStop | pisa naep_science naep_math
# of Documents 32,626 168 10,486 567 48 123 446
Avg. # of Sent 4.78 28.55 1.82 35.06 | 13.10 5.93 2.46
Avg. Sent Length 15.09 19.47 14.02 21.95 | 18.35 12.08 14.83
Year of Release 2007, 2014 - 2012 2018 | 2015 - -

Table 2: Description of educational corpora. The definition of Instance differs by datasets: for Content, an instance
means an article or a paragraph; for Exam, an instance is a test item. - indicates the publication year is unavailable.

4.2 Different Types of Gender Bias to Identify

As noted earlier, important related work on de-
tecting gender bias in text (e.g., Li et al. (2020);
Toro Isaza et al. (2023)) does not incorporate re-
cent taxonomies of gender bias. To systematically
understand what kinds of gender bias exist in edu-
cational materials, we adopt and extend the gender
bias taxonomy from Hitti et al. (2019) and Dough-
man et al. (2021). In our study, we first consider
structural bias and contextual bias (as defined in
§3.1). We also add three new types of bias: distri-
butional bias, definitional bias and namedness.
Table 1 lists all bias types and the datasets used to
conduct the analyses, along with examples.

4.2.1 Structural Bias

Explicit Marking of Sex (B1): At the morpho-
logical level, explicit marking of sex’ manifests
when gender-neutral entities are denoted using gen-
der marker such as "-man" and "-woman." Here,
the term "gender marker" refers not to markers of
grammatical gender but to free morphemes (e.g.,
"-woman" in "needlewoman") or head nouns in
compound phrases (e.g., "woman" in "slovenly
woman"). B1 in Table 1 presents an example where
"policeman" contains the marker "-man" but the
definition denotes a gender-neutral meaning.
Generic he (B2): We also examine the generic
usage of gendered pronoun "he" where the pronoun
is co-indexed with a neutral common noun. As
shown in the example from B2 of Table 1, the word
scientist is gender neutral but is co-indexed with a
male reflexive pronoun "himself".

4.2.2 Contextual Bias

In Hitti et al. (2019), contextual bias has two sub-
types: societal bias, where a gender is stereotyp-
ically assigned a social role, and behavioral bias,
where certain attributes or traits associated with a
gender can lead to generalized gender stereotypes.

"The word "sex" in this terminology is used by the original
author. We keep this terminology in this work for the sake of
consistency but do not use sex and gender interchangeably.

In our work, we use the same word contextual
bias (B3) to refer to societal and behavioral bias
due to the nuanced distinction between societal
and behavioral bias. For example, the sentence
from Doughman et al. (2021) illustrates societal
bias: "The event was kid-friendly for all the moth-
ers working in the company,” where "mothers" are
stereotypically assigned the role of caretakers, rep-
resenting societal bias. However, "mothers" are
also stereotypically associated with the trait of "car-
ing for kids", which falls under behavioral bias.
In our study, stereotypical bias emerges when a
specific gender is stereotypically ascribed a social
norm or attributed certain traits.

4.2.3 Additional Bias

We add three gender bias types to the taxonomy:

Distributional Bias (B4): This type of bias refers
to the uneven distribution of different genders. For
example, in our textbook dataset, male mentions
appear more frequently than female ones.

Namedness (B5): People in text can be mentions
with a real or fictional name or referred to with
a common noun such as "scientist." Through pre-
liminary examination of the educational corpora,
we found that female characters show up as anony-
mous more frequently than their male counterparts
(e.g. "mother" vs. "John"). Thus, we choose to
explore this bias type where males are often given
names while females are not. For example, in a cor-
pus, the percentage of male proper nouns is higher
than that of females (see statistics B5 in Table 1).
This issue is denoted as namedness bias in our tax-
onomy.

Definitional Bias (B6): The nuanced definitions
given to male and female words implicate the differ-
entiated representation of men and women in lex-
ical resources, which we denote definitional bias.
As shown in B6 in Table 1, the definition given
to "horseman" only refers to men and is detailed,
whereas "horsewoman" is defined solely based on
the male version: "horseman".
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4.3 Analysis Methods

We detect different bias types in our datasets by
employing a generic pipeline comprising four steps:
(1) preprocessing, (2) person mention extraction,
(3) gender labeling, (4) bias analysis.

4.3.1 Preprocessing

Corpora: In preprocessing, we use the Stanford
CoreNLP package8 (Manning et al., 2014) with
steps of sentence segmentation, tokenization, true-
casing, POS tagging, named entity recognition, de-
pendency parsing and coreference resolution.
WordNet: In WordNet, an entry can either be a
single word (e.g., "horsewoman') or a compound
phrase (e.g., "honest woman"). If a word or phrase
has multiple senses, each sense is treated as a dis-
tinct entry. Each entry includes a definition and
additional details such as syntactic category (e.g.,
"NOUN") and lexicographer (e.g., "noun.person").
We extract entries and their definitions from Word-
Net using the NLTK package’ (Bird et al., 2009) and
analyze the dependency structure of the definitions
using CoreNLP.

4.3.2 Person Mention Extraction

Corpora: We first extract all proper nouns, com-
mon nouns and pronouns as mention candidates.
We use named entity information and the WordNet
sense (i.e., "noun.person") information to deter-
mine if each candidate is a person. Lastly, in coref-
erence chains, if at least one mention in a chain is
considered a person from the previous step, then
the rest of the chain is also considered a person.
Implementation detail is given in Appendix A.
WordNet: For WordNet, we extract all entries in
the "noun. person" lexicographer file. We consider
these entries as the ones denoting people.

4.3.3 Gender Labeling

Gender labeling procedure outputs three labels: M
for male, F for female and N for neutral 10,

Corpora: We label the gender of mentions in cor-
pora based on a two-step heuristic. First, we de-
termine the gender of individual mentions using a
list of seed words for pronouns (e.g., "she", "he")
and common nouns (e.g., "woman", "man'") and

8Version 4.5.3, release date: 3/15/2023, https://
stanfordnlp.github.io/CoreNLP/index.html

Version 3.8.1, https://www.nltk.org/index.html

""The label N for neutral gender can refer to person men-
tions of either gender (e.g., "someone") and groups of people
of mixed genders (e.g., "they").

the Gender Guesser API'' for the first names of
proper nouns. Then, using coreference chains, we
resolve the gender for mentions whose gender is
not determined from the previous step. For ex-
ample, for common nouns such as "scientist," the
gender cannot be determined in the first step be-
cause it is a profession that can be undertaken by
any gender. Through coreference chain where it is
co-referred by a gendered pronoun, its gender then
can be resolved. Implementation detail is given in
Appendix B.

WordNet: The extracted entries are grouped into
the three gender categories based on gender indi-
cations in their definitions. We create three seed
word lists containing terms with obvious gender
information (e.g., colored words in the first three
examples in Table 3). If the root of the dependency
structure of the entry definition or the modifier of
the root matches predefined terms, we assign the
corresponding gender label to the entry.

Then, unlabeled entries are categorized using
those labeled entries. If the root of a definition
matches a labeled entry, the unlabeled entry is as-
signed the corresponding gender label. As the
last example in Table 3 shows, the gender of
"roughrider" is assigned based on the gender of
"horseman." This iterative process repeats until no
further male or female labeling occurs, leaving the
remaining unlabeled entries as neutral.

Definition Label
a man skilled in equitation M

Entry
horseman
actress
needlewoman
roughrider

a female actor F

someone who makes or mends dresses | N
a horseman skilled at breaking wild | M
horses to the saddle

Table 3: Example of entries and definitions from Word-
Net, along with gender labels assigned through pipeline.

4.3.4 Pipeline Validation

To validate the accuracy of the person mention ex-
traction and gender labeling components in our
NLP pipeline, we manually labeled 100 exam-
ples from the pisa, naep_math and naep_science
datasets. All gendered person mentions (pronouns,
proper nouns and common nouns) are annotated
with respect to gender. The annotated validation set
contains 365 mentions in total (176 male mentions
and 189 female mentions). The system identified
368 mentions and the number of correctly extracted
mentions is 345.

1]https: //pypi.org/project/gender-guesser/
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Recall F-1
94.5% | 94.1%

Precision
93.7%

Table 4: Evaluation results for person extraction on the
hand-labeled evaluation set.

The pipeline can achieve high precision, recall
and F-1 scores in extracting the person mentions
(see Table 4). The extraction module can pro-
duce some false positive extractions such as animal
names (e.g., "Dolly" (the famous clone sheep)) and
planet names (e.g., "Venus"). The named entity
recognition package can miss some human names
(e.g., "Stacie", "Sue").

For the gender labeling component, the labeling
accuracy is 100% for the 100 validation instances
where the gold standard mentions match the ex-
tracted mentions, because all person mentions in
the validation set are in coreference chains and they
are co-referred with a gendered pronoun. For larger
datasets, the accuracy is not perfect because of sev-
eral limitations. First, the Gender Guesser API is
based on a list of proper first names. If a name is
not in the list, then the gender cannot be correctly
resolved. Second, for non-English names such as
Chinese first names, most of the time the gender
cannot be determined without further coreference
information.

4.3.5 Bias Analysis

Corpora: For distributional bias (B4), we count
the frequencies of males and females. Linguistic
features are extracted to assess their association
with gender to examine generic he (B2), contextual
bias (B3) and namedness (B5).

First, we correlate the POS tags of gendered men-
tions with gender to investigate generic he (B2) and
namedness (B5). By categorizing the verbs that
serve as the root of gendered mentions using the
agency connotation framework (Sap et al., 2017),
we examine what types of verbs are more likely to
be associated with a specific gender (B3). Agency
is attributes of the agent of the verbs, denoting
whether the action implies power and decisiveness.
For example, "he obeys" implies the person "he"
has low agency, while "he chooses" implies "he"
has high agency. We also extract gendered posses-
sive pronouns and the possessed common nouns.
Via a list of kinship terms (e.g., "mother", "father")
(full list in Appendix D), the association between
gender of possessive pronouns and kinship terms
is measured (B3).

WordNet: Initially, we extract proper nouns (usu-
ally names of famous persons or fictional figures)
from person entries using heuristics, and look into
distributional bias (B4) based on the frequency of
their gender labels. Next, we investigate the use
of gender pronouns such as "he" (B2) in defining
gender-neutral entries. Additionally, we employ
rule-based techniques to extract person entries end-
ing with gender markers of "-man," "-woman," and
"—person"]2 and assess the tendency for gender-
specific markers to encompass gender-neutral con-
notations, indicative of explicit marking of sex
(B1). Lastly, we scrutinize potential stereotypical
bias (B3) in entries associated with gender-specific
markers and definitional bias (B6) by examining
how roles marked by "-man" and "-woman" are
depicted.

4.3.6 Gender Bias Statistic

In the analysis of feature bias, we conduct signif-
icance testing on the association between gender
and a binary feature of interest using Fisher’s ex-
act test”” to obtain p—values14 at a = 0.05 level.
In addition, we use odds ratio (OR) to determine
the direction and magnitude of association. The
odds ratio of a binary related feature x € X that
measures gender bias in favor of males is given by:

ORm — Mx/Mnotx
F$/Fnotas

where M, is the count of male mentions with
feature z and M,,,; , without z. F, and Fj,; .
are defined similarly. If the p-value < 0.05, the
association is deemed significant. If OR > 1, then
we observe gender bias toward men, and toward
women for OR < 1. We choose odds ratio as the
statistic to measure association between a specific
gender and a feature because it is interpretable and
commonly used to measure association between
binary categorical variables and it is independent
of the marginal distributions, which is desirable for
our case since the distributions of male and female
mentions are highly asymmetrical.

€]

S Experiments and Results

In this section, we present our experimental design
and results for the corpora and WordNet.

We plan to analyze more gender markers such as "-or" in
"actor" and "-ess" in "actress" in future works.

Bwe opt for Fisher’s exact test instead of Chi-square test
because the number of co-occurrences of gender and certain
features is too small.

14Adjusted via False Discovery Rate for multiplicity.
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5.1 Educational Corpora

By extracting gendered mentions with their linguis-
tic features, we investigate four types of gender
bias in corpora.

5.1.1 Distributional Bias (B4)

Distributional bias in corpora is examined through
comparing the number of extracted male and fe-
male mentions. We have observed the evidence for
distributional bias in favor of male mentions for
all content corpora (Table 5), which adheres to our
hypothesis that male mentions are over-represented
in text while females are under-represented with
respect to mention frequency.

Gender
Dataset M F Total
textbook 32,884 14,308 | 47,192
naep_math 159 156 315
naep_science 28 47 75
pisa 97 88 185
wee_bit 2,389% 1,408 | 3797
ccs_doc 2,127* 810 | 2937
OneStop 8,178" 2,999 | 11,177

Table 5: Number of male and female extracted men-
tions. We only include M and F counts here since our
analysis only considers these two genders. * indicates
significance of a one-sided binomial test on the number
of male mentions against female mentions at a = 0.05.

5.1.2 Generic He in Corpora (B2)

To inspect the usage of generic he in corpora, we
look at extracted mentions that are only common
nouns with no gender information per se in com-
parison to those that are inherently gendered com-
mon nouns. Generic common nouns such as "re-
searcher" denote nouns that can address any person
in general, while gendered common nouns such as
"mother" refer to a specific gender in particular.
Our finding (Table 6) shows that for all datasets
examined, male common noun mentions are typ-
ically generic rather than gendered, while female
mentions are more likely to be gendered.

5.1.3 Possessive Pronoun and Kinship (B3)

To approach contextual bias where a specific gen-
der is associated with certain societal roles, we
create a list of kinship terms such as "mother" and
"father" to categorize the common nouns possessed
by a gendered possessive pronoun. Possessive pro-
nouns (e.g., "his", "her") that occur frequently in
the datasets carry important gender information.
We examine which gender is more likely to be asso-
ciated with kinship terms, indicating a stereotypical

Dataset Gendered Generic OR
M F M F
textbook | 4,532 6,976 | 1,652 252 | 0.10%
wee_bit 234 288 | 109 16 | 0.12*
CCS_doc 262 180 | 210 1] 0.01*
OneStop 478 624 | 422 561 0.10"

Table 6: Gendered vs. generic common nouns in the
corpora. We ignore naep_math, naep_science and
pisa in this analysis because the counts are too small.
OR denotes odds ratio. Fisher’s exact test performed at
a = 0.05. " indicates significance of association. Same
notation is used for Table 7 and 8.

association of a specific gender with family-related
roles. Significant association with kinship terms
is observed for the OneStop and CCS_doc datasets
with OR < 1: female possessive pronouns (e.g.,
"her") are more likely to co-occur with kinship
nouns, while male ones do not.

5.1.4 Agency of Gendered Mentions (B3)

In addition to the previous finding on contextual
bias, to examine what kinds of behavior are stereo-
typically associated with a specific gender, we cat-
egorize the verbal roots that head the person men-
tions in the nominal subject position in the sen-
tences according to the connotation framework in
Sap et al. (2017). Significant association (Table 7)
between female mentions and low agency verbs in
the textbook dataset is detected with an OR < 1,
indicating females mentions in textbook are more
often associated with low-agency verbs than males
do, consistent with the findings in Sap et al. (2017).
For the other datasets except naep_math, while in-
significant, the OR < 1, displaying a similar trend
to textbook.

Dataset NEG POS OR
M F M F
textbook 1,740 884 | 6,792 2,964 | 0.86"
naep_math 25 17 56 64 | 1.68
naep_science 1 10 8 20 | 0.25
pisa 7 10 45 20 | 0.31
wee_bit 162 93 555 268 | 0.84
CCS_doc 177 57 542 173 | 0.99
OneStop 505 172 | 3,300 978 | 0.87

Table 7: Gendered mentions against agency of root
verbs. NEG refers to verbs for which the subject has
lower agency than the object; POS means the opposite.

5.1.5 Namedness of Gendered Mentions (B5)

We investigate namedness using the POS tags of
gendered mentions. There are three types of male
and female person mentions: pronoun (PRP),
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common noun (NN) and proper noun (NN P).
By comparing the distribution of NN and NN P,
we discover that males are more likely to be tagged
as proper nouns, while females tend to be com-
mon nouns. Proper nouns have explicit name in-
formation, whereas common nouns can refer to
any person in general. The significant correlation
(Table 8) between males and whether or not they
are proper nouns implies that males tend to receive
names, but females typically remain more generic
and anonymous. This observation represents pre-
viously unreported structural bias where females
appear less identifiable through proper names.

POS Tag
Dataset NN NNP OR
M F M F
textbook 6,184 7228 | 17,120 3,564 | 0.18"
naep_math 3 11 95 80 | 0.23"
naep_science 10 4 6 24 | 10.00*
pisa 11 26 42 38| 0.38"
wee_bit 343 304 | 1,075 544 | 0.57F
CCS_doc 472 181 392 102 | 0.68"
OneStop 900 680 | 3,052 824 | 0.36"

Table 8: Male and female mentions against NN and
N NP in the corpora.

5.2 WordNet

We conduct experiments on the person entries and
definitions extracted from WordNet to elucidate
instances of five bias types.

5.2.1 Distributional Bias (B4)

Table 9 shows the number of entries we extract
from WordNet. Among all entries in WordNet,
21,463 are person entries.

Among person entries, we define 8,652 proper
nouns (e.g., names of famous persons or fictional
figures). Labeling the gender of proper names by
their definitions is challenging (e.g., the definition
of "Sand" is "French writer known for ...," exhibit-
ing no gender cue). Therefore, we randomly pick
100 proper nouns and determine their gender based
on the information on their Wikipedia pages: 85
of them are males, 14 are females, and 1 entry
("salian") refers to a group of people. Among the
99 entries that are individuals, 91 are real persons,
8 are fictional. This adheres to the distributional
bias that males are represented more in this lexical
resource, possibly due to historical reasons.

The rest of person entries are grouped into M, F,
and N based on their definitions (see Section 4.3.3).

. Person Entries
AllEntries | rooi NNP M F N
227,733 | 21,463 8,652 592 726 11,493

Table 9: Number of all entries and person entries under
the proper noun (NNP) group and each gender category
in WordNet.

5.2.2 Generic He (B2)

Among the neutral person entries (column N in
Table 9), we find there are 100 entries wherein the
roots in the dependency structures of the definitions
are either co-referred or co-indexed with gendered
pronouns such as "himself" (see example in B2
of Table 1). We count the frequency of gendered
pronouns and gender-inclusive pronouns (e.g., "he
or she" or "they"). We find that usage of generic
he widely occurs in WordNet definitions. Among
the 100 definitions, the male generic pronoun is
employed in 67 definitions to denote gender-neutral
roots, whereas only 33 instances feature gender-
inclusive language.

5.2.3 Explicit Marking of Sex (B1)

For person entries that are not proper nouns, we
collect those ending with the gender markers ("-
man," "-woman," and "-person"). Table 10 displays
the breakdown of their gender labels determined

by the definitions.

Marker M Ge;:lder N Total
-man 79 0 303 382
-woman 0 6l 16 77
-person 0 0 113 113
Total 79 61 432 572

Table 10: Number of unique person entries in WordNet
that end with "-man," "-woman," or "-person."

There are notably 303 entries ending with "-
man" featuring gender-neutral definitions. Also,
while the neutral label of the 16 entries with "-
woman" may seem perplexing, they are deemed
neutral due to the absence of gender-specific words
in their definitions (see example of "needlewoman"
in Table 3). We consider gender markers ("-man"
vs. "-woman") and the gender labels of the defini-
tions (M and F vs. N) and observe that the marker
"-man" is inclined towards denoting gender-neutral
entries,15 providing evidence for explicit marking
of sex.

"Fisher’s exact test: OR = 14.623, p < 0.05.
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5.2.4 Contextual Bias (B3)

In Table 10, some entries have variants representing
the same role. For instance, "chairman," "chair-
woman," and "chairperson" share the same root
morpheme but differ in markers. We classify per-
son entries containing gender markers based on
the number of associated variants in Table 11 (Full
word lists in Appendix F and example definitions
in Appendix G).

. Gender
Entries w/ Marker M F N Total
(la)-man 50 0 260 310
(1) one variant (1b)-woman 0 11 1 12
(1c)-person 0 0 85 85
-man 19 0 28 )
22) -woman 0 34 13 4
. -woman 0o 3 0
(2) two variants (Zb)-person 0 0 3 3
-man 20 8
(ZC)—person 0 0 10 10
-man 8§ 0 7
(3) three variants | (3a)-woman 0 13 2 15
-person 0o 0 15

Table 11: Number of entries ending with different gen-
der markers, grouped by number of variants. Numbers
investigated in the experiments are marked into red.

In Table 11, row (1a) shows that out of the
310 entries marked only with "-man", 50 are de-
fined as male, lacking corresponding "-person" or
"-woman" variants. These entries typically pertain
to occupational roles (e.g., "seaman", "mailman").
Row (1b) identifies 11 entries solely marked with "-
woman", some of which carry sexist connotations
like "loose woman", "kept woman", and "honest
woman", where asymmetric social expectations are
imposed on women in contrast to men.

Row (2) shows entries with only two mark-
ers. Specifically, Row (2b) features 3 entries with-
out the "-man" variant, all of which ("disagree-
able woman", "slovenly woman", and "unpleasant
woman') convey negative connotations. Row (2¢)
highlights 10 entries lacking the "-woman" version.
Notably, the two male entries with "-man" ("rich
man" and "wealthy man") lack female counterparts.

In this table, 52 male entries lack "-woman"
variants'® and 14 female entries lack "-man" vari-
ants."” We perform Sentiment Analysis on the
definitions of these two entry groups using the
vaderSentiment (Hutto and Gilbert, 2014) API.

1652 is the sum of 50 from (1a) and 2 from (2¢) in Table 11
""14 is the sum of 11 from (1b) and 3 from (2b)

Results reveal a significant difference,18 with fe-
male entries having a lower average sentiment
score (-0.141) compared to male ones (0.056).19
The presence of entries like "disagreeable
woman" and "rich man" raises initial concerns,
since the modifiers directly convey their meaning,
rendering their inclusion in lexical resources less
necessary. Moreover, these entries may reinforce
gender stereotypes. These observations indicate
societal bias, reflecting not only the allocation of
certain social roles exclusively to males but also
the differentiated sentiment associated with gender.

5.2.5 Definitional Bias (B6)

Furthermore, we examine the definitions of the
62 entries that have both "-man" and "-woman"
variants.”> We find 10 entries whose definitions
for "-man" variant are detailed, whereas the corre-
sponding "-woman" entries receive simpler defini-
tions derived from their "-man" or "-person" coun-
terparts (see example of "horseman" and "horse-
woman" in row B6 in Table 1). This approach
renders the understanding of "horsewoman" reliant
on the definition of "horseman." For the purpose
of ensuring semantic comprehensiveness, meticu-
lous definitions for all variants should be provided,
incorporating senses conveyed by all morphemes
within the entries to facilitate reader comprehen-
sion and mitigate potential bias.

6 Discussion

Our investigation has revealed the pervasive exis-
tence of various types of gender bias within both
educational corpora and WordNet. Specifically, we
have noted the prevalence of distributional bias ev-
idenced by the uneven distributions of males and
females across both datasets, alongside explicit
marking of sex and the generic use of male pro-
nouns within WordNet. Additionally, a diverse
array of syntactic patterns within the corpora has
been identified as displaying gender bias.

In this work, we only explore gender bias in En-
glish educational materials. The extraction pipeline
and gender labeling procedure proposed contain
language-dependent components that are unique to
English (e.g. using a coreference resolution system
to determine gender of a common noun based on
gendered pronouns). For languages such as Man-

18Unpaired two-sample ¢-test: t = —2.15, p = 0.035.
"“The sentiment score ranges from -1 to 1, where [-1, 0)
indicates negative sentiment, and (0, 1] indicates positive.

262 is the sum of (2a) and (3a) totals in Table 11
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darin Chinese where the gender of the pronouns
is indistinguishable without orthographic informa-
tion, the pipeline may integrate language-specific
NLP systems to resolve the gender of person men-
tions. Moreover, the way that gender bias manifests
in text can differ from language to language (and
culture to culture). Thus, the bias patterns used to
detect gender bias in this work will be different.

The presence of gender bias in educational re-
sources carries significant implications. Exposure
to those materials can potentially shape children’s
perceptions through implicit gender bias, foster-
ing the development of gender stereotypes. This
perpetuation of biased narratives has far-reaching
consequences for societal attitudes and inequal-
ity. Moreover, NLP models reliant on lexical re-
sources such as WordNet, wherein gender bias is
discernible in multiple forms, may inadvertently
perpetuate said biases in downstream tasks.

However, our work offers actionable insights for
educational resource developers, offering guidance
on elements to consider during the creation process
to mitigate bias. Moreover, our study on WordNet
pinpoints the bias issues that warrant monitoring
and maintenance by developers.

7 Conclusion

In this study, based on the existing taxonomy of
gender bias in text, we have examined 7 types of
gender bias in educational corpora and WordNet.
The analysis has shown that many types of gen-
der bias exist in both types of data, emphasizing
the necessity for meticulous examination of such
biases in associated resources. Our future work
aims to identify additional linguistic features corre-
lated with gender. Furthermore, deeper exploration
is warranted into corpora from other domains and
lexical resources beyond WordNet.

8 Limitations

There are several limitations to our study: (1) we
only consider binary gender in this paper; (2) the
small data size of some of the assessment items
limits the use of statistical analyses; (3) WordNet
as a proxy for a dictionary does not suffice due to
its lack of comprehensive entries and definitions
and it is not regularly maintained; (4) in this study,
we employ odds ratio as the statistic for gender
bias, which only considers correlation instead of
causation; (5) in this work, we only work with the
English language, while gender bias can appear in
educational materials in other languages as well.

9 [Ethical Considerations

We identify several ethical considerations that are
related to our work. (1) First, the educational as-
sessment items typically are not made publicly
available, which presents a challenge for multiple
researchers to compare methods on the same data
and to reproduce our analysis results. However, this
type of educational data assumes vital importance
to look at, so mechanisms are needed to enable
these types of studies. (2) This work is not sub-
jected to privacy concerns since the datasets do not
contain identifiable information about individuals.
However, famous people (dead or alive) appear
in our datasets, and they are potentially used for
analysis. (3) Our gender labeling procedure only
labels male, female and neutral gender, without
consideration of non-binary genders. Such limited
consideration and inclusion of binary gender con-
strains the scope of our study within the binary
gender framework, particularly in neglect of stereo-
types and bias directed towards non-binary gender
community.
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A  The Pipeline for Extracting Person
Mentions from Educational Corpora

This appendix describes in detail the implementa-
tion of the person mention extraction procedure
for educational corpora. The corpora first are pre-
processed by using the Stanford CoreNLP package.
After preprocessing the educational corpora, we
extract individual person mentions. Person men-
tions include three kinds: pronouns, proper nouns

and common nouns. We first recognize the three
types of mentions from text as individual mention
candidates using their POS tag information. Us-
ing named entity recognition (NER) information
and the supersense obtained from WordNet, we
determine if each candidate mention is a person
if and only if the NER assigns a "PERSON tag or
its supersense is "noun.person". By leveraging
coreference resolution, we then form coreference
chains. In each coreference chain, if at least one
mention in the chain is determined as a person in
the previous step, the rest of the chain is deemed
as person mentions. The last step is to ensure that
common nouns that are missed from the second
step are correctly extracted.

B Gender Labeling for Corpora

In this appendix, we describe the gender labeling
procedure for the educational corpora.

After extracting person mentions from the cor-
pora, we resolve the gender of the mentions based
on a two-step heuristic:

The first step in gender labeling is to check
whether or not a mention is in fixed lists of pro-
nouns and common nouns that have salient gender
information: for example, "he", "she", "woman",
"man" (full lists in Appendix C). If a mention is in
the list, then the gender labeling function will out-
put a label from the set { M, F, N}, where N stands
for neutral gender. If a mention is not in the list, we
then send the first token of the mention (assuming
that the remaining mention is a proper noun) to
the Gender Guesser API*'. This API has a list of
first names from various countries that have corre-
sponding gender information. If the mention is in
the name list, then it will output one label from
{male, female, mostly_male,mostly_female,andy,
unknown}, where andy stands for androgynous,
meaning a name that is equally probable for male
and female. If a mention is not in the name list, then
the API will return unknown. We group male and
mostly_male to be M and female and mostly_female
to be F.

Note that there are some issues with this Gender
Guesser API: it does not predict gender of men-
tions with only last names. Within the datasets
used in this project, there are many last names of
famous people of whom the gender is clearly re-
trievable. Also, the word lists for pronouns and
common nouns in Appendix C are not comprehen-

2 https://pypi.org/project/gender-guesser/
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sive. To resolve these two concerns, we choose to
leverage the coreference cluster information, where
we obtain the gender of a mention by the genders
of its cluster, if any. The next issue with this API
is that it is largely US-centric (although it has an
option for country) and does not consider varia-
tions across different cultures. We do not attempt
to solve this issue in this work.

The gender labeling function using cluster infor-
mation works as follows:

1. Remove all unknown genders from the clus-
ter if there are other genders in the cluster, e.g.

{M, F,unknown} becomes {M, F'}

. If there is a three-way tie between M, F' and
andy, return andy.

. If there is a two-way tie between M and F',
return andy.

. If there is a two-way tie between either M or
F and andy, return M or F'. For example, for
{M, M, andy, andy}, return M.

. If there is no tie, return the most frequent gen-
der.

C Word Lists for Person Pronouns and

Person Common Nouns

This appendix contains the word lists for male, fe-
male and neutral gendered and neutral person pro-
nouns (excluding "it") and for male, female and
neutral gendered person common nouns. The list
for common nouns are not exhaustive.

Neutral Pronouns: I, me, we, our, us, myself, our-
self, ourselves, let’s my, mine, they, them, their,
you, your, themself, themselves, yourself, your-
selves.

Male Pronouns: he, him, his, himself.

Female Pronouns: she, her, hers, herself.
Female common nouns: girl, woman, mrs, ms,
mother, mom, aunt, niece, sister, wife, daughter,
grandmother, grandma, grandmom, granddaughter,
bride, girlfriend, gal, madam, lady, female, wait-
ress, actress, governess, spinster, empress, heroine,
hostess, landlady, stewardess, princess.

Male common nouns: boy, man, mr, father, dad,
uncle, nephew, brother, husband, son, grandfather,
grandpa, granddad, grandson, groom, boyfriend,
guy, gentleman, bachelor, male, actor, emperor,
prince.

Neutral Person Common Nouns: people, adult,
adults, person, people, child, children.
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D Kinship Terms for Detecting Societal
Bias (B3)

This appendix provides the list for kinship terms
for the analysis of stereotypical bias (B3) for edu-
cational corpora.

family, son, daughter, brother, child, sister, fa-
ther, mother, dad, daddy, mum, mom, mummy,
niece, nephew, parent, sibling, stepdaughter, wife,
husband, spouse, stepfather, stepdad, stepmother,
stepmom, grandchild, grandfather, grandmother,
grandma, grandmom, grandpa, granddad, grand-
son, granddaughter, babyzz.

E Example of Instances from the
Educational Corpora

This appendix provides instance examples for all
educational corpora used in this study.

E.1 CCS_doc

A medieval fisherman is said to have hauled up a
three-foot-long cod, which was common enough at
the time. And the fact that the cod could talk was
not especially surprising. But what was astonishing
was that it spoke an unknown language. It spoke
Basque. This Basque folktale shows not only the
Basque attachment to their orphan language, inde-
cipherable to the rest of the world, but also their
tie to the Atlantic cod, Gadus morhua, a fish that
has never been found in Basque or even Spanish
waters. The Basques are enigmatic. They have
lived in what is now the northwest corner of Spain
and a nick of the French southwest for longer than
history records, and not only is the origin of their
language unknown, but also the origin of the people
themselves remains a mystery also. According to
one theory, these rosy-cheeked, dark-haired, long-
nosed people where the original Iberians, driven
by invaders to this mountainous corner between
the Pyrenees, the Cantabrian Sierra, and the Bay
of Biscay. Or they may be indigenous to this area.
They graze sheep on impossibly steep, green slopes
of mountains that are thrilling in their rare, rugged
beauty. They sing their own songs and write their
own literature in their own language, Euskera. Pos-
sibly Europe’s oldest living language, Euskera is
one of only four European languages—along with

*The term "baby" is tricky because it can be used for inti-
mate, non-family members, but when its possessive pronouns
are gendered such as "his", "her", it is more likely that "baby"
refers to a child.



Estonian, Finnish, and Hungarian—not in the Indo-
European family. They also have their own sports,
most notably jai alai, and even their own hat, the
Basque beret, which is bigger than any other beret.

E.2 naep_math

A bag contains two red candies and one yellow
candy. Kim takes out one candy and eats it, and
then Jeff takes out one candy. For each sentence be-
low, fill in the oval to indicate whether it is possible
or not possible.

E.3 naep_science

Bacteria and laboratory animals are sometimes
used by scientists as model organisms when re-
searching cures for human diseases such as cancer.
Describe one possible advantage and one possible
disadvantage of using bacteria as models to help
find cures for human diseases. Advantage: Disad-
vantage: Describe one possible advantage and one
possible disadvantage of using laboratory animals
such as mice, guinea pigs, and monkeys as models
to help find cures for human diseases.

E.4 OneStop

The Duke and Duchess of Cambridge have won
the first part of their fight for privacy. A French
magazine was told to stop selling or reusing photos
of the royal couple. The pictures show the duchess
sunbathing topless while on holiday in the south of
France. It is possible that the magazine editor and
the photographer or photographers will also have
to go to a criminal court. The French magazine
Closer was told to give digital files of the pictures
to the couple within 24 hours. Closers publisher,
Mondadori Magazines France, was also told to pay
2,000 in legal costs. The magazine will have to pay
10,000 for every day it does not give the couple
the files. The court decided that every time Mon-
dadori the publishing company owned by the ex
Italian Prime Minister Silvio Berlusconi publishes
a photograph in the future in France, they will get
10,000 fine. The couple welcome the judges de-
cision. They always believed the law was broken
and that they had a right to their privacy. The royal
couple are pleased with the decision, but they want
to have a much more public criminal trial against
the magazine and photographer or photographers.
Under French law, if you do not respect someones
privacy, you may have to spend a maximum of one
year in prison and pay a fine of 45,000. This pun-
ishment would send a message to the world and,

the couple hope, stop paparazzi taking photos like
this in the future. On Saturday the Irish Daily Star
also published the photos. And the Italian celebrity
magazine Chi published a special edition of 26
pages with the photos of the future queen.

E.5 pisa

Mimi and Dean wondered which sunscreen prod-
uct provides the best protection for their skin. Sun-
screen products have a Sun Protection Factor (SPF)
that shows how well each product absorbs the ul-
traviolet radiation component of sunlight. A high
SPF sunscreen protects skin for longer than a low
SPF sunscreen. Mimi thought of a way to com-
pare some different sunscreen products. She and
Dean collected the following: ... Mimi and Dean
included mineral oil because it lets most of the
sunlight through, and zinc oxide because it almost
completely blocks sunlight. Dean placed a drop of
each substance inside a circle marked on one sheet
of plastic, and then put the second plastic sheet
over the top. He placed a large book on top of both
sheets and pressed down. Mimi then put the plastic
sheets on top of the sheet of light-sensitive paper.
Light-sensitive paper changes from dark gray to
white (or very light gray), depending on how long
it is exposed to sunlight. Finally, Dean placed the
sheets in a sunny place.

E.6 textbook

Conclusions The scientist must next form a con-
clusion. The scientist must study all of the data.
What statement best explains the data? Did the ex-
periment prove the hypothesis? Sometimes an ex-
periment shows that a hypothesis is correct. Other
times the data disproves the hypothesis. Sometimes
it’s not possible to tell. If there is no conclusion, the
scientist may test the hypothesis again. This time
he will use some different experiments. No matter
what the experiment shows the scientist has learned
something. Even a disproved hypothesis can lead
to new questions. The farmer grows crops on the
two fields for a season. She finds that 2 times as
much soil was lost on the plowed field as compared
to the unplowed field. She concludes that her hy-
pothesis was correct. The farmer also notices some
other differences in the two plots. The plants in
the no-till plots are taller. The soil moisture seems
higher. She decides to repeat the experiment. This
time she will measure soil moisture, plant growth,
and the total amount of water the plants consume.
From now on she will use no-till methods of farm-
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ing. She will also research other factors that may
reduce soil erosion.

E.7 wee_bit

Nicole Thompson and her third-grade social stud-
ies students at Greenbriar Academy in North Car-
olina wanted to learn about world geography. So
late last year, they sent an e-mail message to 100
people. Readers were asked to send the e-mail mes-
sage to people in other places. Readers were also
asked to write something about themselves as well.
About six weeks later, Thompson and her students
received more than 60,000 e-mail replies! Mes-
sages came from every state in the United States
and from 120 countries. According to Thompson,
the students’ favorite response was written by a
carpenter at McMurdo Station in Antarctica. "It
was a huge deal. We didn’t think we would hear
from Antarctica!" Thompson said.

F Full Word List for Table 11

This appendix provides the comprehensive word
list corresponding to each row of Table 11.

F.1 Row la (310 entries that only have -man
marker)

freshman, ablebodied seaman, able seaman, abom-
inable snowman, adman, aircraftman, aircraftsman,
aircrewman, alderman, apeman, artilleryman, as-
sistant foreman, backup man, backwoodsman, bag-
gageman, bagman, bandsman, bargeman, barman,
barrowman, batman, batsman, beadsman, bedes-
man, beef man, bellman, best man, big business-
man, boatman, bookman, border patrolman, bow-
man, brahman, brakeman, broth of a man, bush-
man, busman, cabman, cameraman, career man,
cattleman, cavalryman, cave man, caveman, chap-
man, chargeman, chinaman, churchman, city man,
clergyman, coachman, coalman, coastguardsman,
college man, company man, con man, confidence
man, conjure man, corner man, cousingerman,
cow man, cowman, cracksman, craftsman, crags-
man, crewman, "customers man", dairyman, dales-
man, deliveryman, deskman, dirty old man, di-
vorced man, doorman, dragoman, draughtsman,
dustman, earthman, elder statesman, elevator man,
end man, ent man, everyman, exserviceman, ex-
ciseman, family man, feral man, ferryman, fields-
man, fingerprint man, fireman, first baseman, fish-
erman, foeman, footman, fourminute man, frog-
man, front man, fugleman, gman, gagman, garbage

man, garbageman, gasman, "gentlemans gentle-
man", government man, groomsman, groundsman,
guardsman, gunman, handyman, hangman, hard-
wareman, hatchet man, heman, head linesman,
headman, headsman, heidelberg man, helmsman,
henchman, herdsman, highwayman, hired man,
hit man, hitman, hodman, holdup man, hotelman,
houseman, huntsman, husbandman, iceman, in-
fantryman, ingerman, iron man, ironman, jazzman,
journeyman, klansman, "ladies man", landman,
landsman, lawman, leading man, ledgeman, lens-
man, letterman, liegeman, liftman, lighterman, line-
man, linesman, linkman, linksman, liveryman, lob-
sterman, lockman, longbowman, longshoreman,
lookout man, lowerclassman, lumberman, macho-
man, mailman, maintenance man, maltman, marks-
man, matman, meatman, medical man, medicine
man, medieval schoolman, merman, middleaged
man, middleman, midshipman, military man, mili-
tary policeman, militiaman, milkman, minuteman,
miracle man, moneyman, motorcycle policeman,
motorman, mountain man, muffin man, muscle-
man, navy man, night watchman, nurseryman, odd-
job man, oilman, ombudsman, organization man,
outdoor man, packman, pantryman, party man, pa-
trolman, penman, pigman, piltdown man, pitch-
man, pitman, pivot man, placeman, plainclothes-
man, plainsman, plantsman, ploughman, plowman,
pointsman, posseman, postman, potman, poultry-
man, pr man, preacher man, pressman, privateers-
man, property man, propman, publicity man, quar-
ryman, raftman, raftsman, railroad man, railway
man, railwayman, red man, remittance man, re-
naissance man, repairman, rewrite man, rhodesian
man, rifleman, righthand man, roadman, rounds-
man, sandwichman, schoolman, seaman, second
baseman, section man, seedman, seedsman, service
man, serviceman, sheepman, showman, sidesman,
signalman, skilled workman, soundman, space-
man, sporting man, squaw man, stableman, steel-
man, steersman, stickup man, stockman, straw man,
strawman, strongman, superman, swagman, switch-
man, swordsman, tman, tallyman, taximan, tax-
man, third baseman, timberman, tollman, towns-
man, tradesman, trainbandsman, trainman, trav-
eling salesman, travelling salesman, trencherman,
tribesman, triggerman, tv newsman, underclass-
man, utility man, vice chairman, vigilance man,
visiting fireman, warehouseman, watchman, water-
man, weatherman, widowman, wild man, wingman,
wireman, wise man, wolfman, woodman, woods-
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man, workingman, workman, yardman, yeoman,
yesman

F.2 Row 1b (12 entries that only have -woman
marker)

charwoman, cleaning woman, comfort woman,
foolish woman, honest woman, kept woman, lol-
lipop woman, loose woman, needlewoman, wash-
woman, widow woman, wonder woman

F.3 Row 1c (85 entries that only have -person
marker)

abandoned person, aliterate person, bad person,
bereaved person, bisexual person, blind person,
british people, clumsy person, color-blind person,
colored person, crabby person, creative person,
dead person, deaf-and-dumb person, deaf person,
deceased person, diseased person, displaced per-
son, disreputable person, dutch people, eccentric
person, emotional person, english people, english
person, epicene person, famous person, fat per-
son, forgetful person, french people, french person,
good person, handicapped person, heterosexual per-
son, homeless person, hunted person, illiterate per-
son, important person, incompetent person, inexpe-
rienced person, influential person, insured person,
irish people, irish person, juvenile person, large
person, learned person, literate person, nonperson,
nonreligious person, nude person, oriental person,
poor person, primitive person, professional person,
psychotic person, religious person, retired person,
scholarly person, self-employed person, selfish per-
son, shy person, sick person, silent person, slavic
people, sleepless person, small person, spanish peo-
ple, stateless person, street person, stupid person,
swiss people, thin person, uneducated person, un-
emotional person, unemployed person, unfortunate
person, ungrateful person, unkind person, unper-
son, unskilled person, unsuccessful person, unusual
person, unwelcome person, very important person,
visually impaired person

F.4 Row 2a (47 entries that have -man and
-woman markers)

-man
airman, assemblyman, beggarman, bionic man,
bondsman, bondsman, bondsman, bondman, bond-

man, clansman, committeeman, congressman, cor-
nishman, councilman, countryman, countryman,
englishman, fancy man, fancy man, freedman, free-
man, frenchman, frontiersman, gay man, gentle-
man, horseman, irishman, juryman, laundryman,
madman, newspaperman, nobleman, oarsman, out-
doorsman, point man, policeman, scotchman, scots-
man, selectman, sportsman, statesman, stunt man,
unmarried man, vestryman, washerman, yachts-
man, yellow man

-woman

airwoman, assemblywoman, beggarwoman, bionic
woman, bondswoman, bondswoman, bondswoman,
bondwoman, bondwoman, clanswoman, commit-
teewoman, congresswoman, cornishwoman, coun-
cilwoman, countrywoman, countrywoman, english-
woman, fancy woman, fancy woman, freedwoman,
freewoman, frenchwoman, frontierswoman, gay
woman, gentlewoman, horsewoman, irishwoman,
jurywoman, laundrywoman, madwoman, news-
paperwoman, noblewoman, oarswoman, outdoor-
swoman, point woman, policewoman, scotch-
woman, scotswoman, selectwoman, sportswoman,
stateswoman, stunt woman, unmarried woman,
vestrywoman, washerwoman, yachtswoman, yel-
low woman

F.5 Row 2b (3 entries that have -woman and
-person markers)

-woman
disagreeable woman, slovenly woman, unpleasant
woman

-person

disagreeable person, slovenly person, unpleasant
person

F.6 Row 2c¢ (10 entries that have -man and
-person markers)

-man

anchorman, common man, draftsman, holy man,
layman, public relations man, rich man, straight
man, wealthy man, working man

-person

anchorperson, common person, draftsperson, holy
person, layperson, public relations person, rich per-
son, straight person, wealthy person, working per-
son
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F.7 Row 3a (15 entries that have -man,
-woman and -person markers)

-man
black man, businessman, chairman, counterman,
enlisted man, foreman, foreman, kinsman, married
man, newsman, old man, salesman, spokesman,
white man, young man

-woman

black woman, businesswoman, chairwoman, coun-
terwoman, enlisted woman, forewoman, fore-
woman, kinswoman, married woman, newswoman,
old woman, saleswoman, spokeswoman, white
woman, young woman

-person

black person, businessperson, chairperson, coun-
terperson, enlisted person, foreperson, foreper-
son, kinsperson, married person, newsperson, old
person, salesperson, spokesperson, white person,
young person

G Example Definitions of Entries in Table
11

This appendix provides the example definitions of
entries from Table 11.

G.1 Examples from the 50 entries in row (1a)

able-bodied seaman: a seaman in the merchant
marine; trained in special skills

able seaman: a seaman in the merchant marine;
trained in special skills

backwoodsman: a man who lives on the frontier
bagman: a salesman who travels to call on
customers

beef man: a man who raises (or tends) cattle

best man: the principal groomsman at a wedding
career man: a man who is a careerist

cattleman: a man who raises (or tends) cattle
coachman: a man who drives a coach (or carriage)
cow man: a man who raises (or tends) cattle

dirty old man: a middle-aged man with lecherous
inclinations

divorced man: a man who is divorced from (or
separated from) his wife

elevator man: a man employed to operate an
elevator

family man: a man whose family is of major
importance in his life

ferryman: a man who operates a ferry

G.2 Examples from the 11 entries in row (1b)

charwoman: a human female employed to do
housework

cleaning woman: a human female employed to do
housework

comfort woman: a woman forced into prostitution
for Japanese servicemen during World War II
foolish woman: a female fool

honest woman: a wife who has married a man
with whom she has been living for some time
(especially if she is pregnant at the time)

kept woman: an adulterous woman; a woman who
has an ongoing extramarital sexual relationship
with a man

lollipop woman: a woman hired to help children
cross a road safely near a school

loose woman: a woman adulterer

washwoman: a working woman who takes in
washing

widow woman: a woman whose husband is dead
especially one who has not remarried

wonder woman: a woman who can be a successful
wife and have a professional career at the same time

G.3 Examples from the 47 entries in row (2a)

airman: someone who operates an aircraft
airwoman: a woman aviator

assemblyman: someone who is a member of a
legislative assembly
assemblywoman: a woman assemblyman

oarsman: someone who rows a boat
oarswoman: a woman oarsman

policeman: a member of a police force
policewoman: a woman policeman

statesman: a man who is a respected leader in
national or international affairs
stateswoman: a woman statesman

G.4 Examples from the 3 entries in row (2b)

disagreeable woman: a woman who is an unpleas-
ant person

disagreeable person: a person who is not pleasant
or agreeable

slovenly woman: a dirty untidy woman
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slovenly person: a coarse obnoxious person

unpleasant woman: a woman who is an unpleasant
person

unpleasant person: a person who is not pleasant or
agreeable

G.5 Examples from the 2 entries in row (2c)

rich man: a man who is wealthy
rich person: a person who possesses great material
wealth

wealthy man: a man who is wealthy
wealthy person: a person who possesses great
material wealthy

G.6 Examples from the 15 entries in row (3a)

businessman: a person engaged in commercial
or industrial business (especially an owner or
executive)

businesswoman: a female businessperson
businessperson: a capitalist who engages in
industrial commercial enterprise

newsman: a person who investigates and reports or
edits news stories

newswoman: a female newsperson

newsperson: a person who investigates and reports
or edits news stories
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Abstract

Machine translation (MT) systems often trans-
late terms with ambiguous gender (e.g., En-
glish term “the nurse”) into the gendered form
that is most prevalent in the systems’ training
data (e.g., “enfermera”, the Spanish term for
a female nurse). This often reflects and per-
petuates harmful stereotypes present in society.
With MT user interfaces in mind that allow
for resolving gender ambiguity in a friction-
less manner, we study the problem of generat-
ing all grammatically correct gendered trans-
lation alternatives. We open source train and
test datasets for five language pairs and estab-
lish benchmarks for this task. Our key technical
contribution is a novel semi-supervised solution
for generating alternatives that integrates seam-
lessly with standard MT models and maintains
high performance without requiring additional
components or increasing inference overhead.

1 Introduction and Related Work

Gender' biases present in train data are known to
bleed into natural language processing (NLP) sys-
tems, resulting in dissemination and potential am-
plification of those biases (Sun et al., 2019). Such
biases are often also the root cause of errors. A ma-
chine translation (MT) system might, for example,
translate doctor to the Spanish term médico (mascu-
line) instead of médica (feminine), given the input
“The doctor asked the nurse to help her in the pro-
cedure” (Stanovsky et al., 2019). To avoid prescrib-
ing wrong gender assignment, MT systems need
to disambiguate gender through context. When
the correct gender cannot be determined through
context, providing multiple translation alternatives
that cover all valid gender choices is a reasonable
approach.

*Work done during an internship at Apple.

T Equal senior contribution.

“gender” in this work refers to binary grammatical gender,

and not social gender (male, female, nonbinary). Please refer
to §Limitations for a detailed discussion.

Numerous prior works have focused on produc-
ing correctly gendered translations given contextual
gender “hints”, such as “to help her” in the example
above (Stanovsky et al., 2019; Saunders and Byrne,
2020; StafanoviCs et al., 2020; Costa-jussa et al.,
2022; Saunders et al., 2022; Renduchintala et al.,
2021; Bentivogli et al., 2020; Currey et al., 2022).
In contrast, the problem of generating all valid and
grammatically correct gendered translations has
seen far less attention (Kuczmarski and Johnson,
2018; Johnson, 2020; Sanchez et al., 2023).

Consider the example: “The secretary was an-
gry with the boss.” The gender of both secretary
and boss remain ambiguous in the absence of ad-
ditional context: both entities can take either gen-
der. However, and to the best of our knowledge,
all existing approaches (Kuczmarski and Johnson,
2018; Johnson, 2020; Sanchez et al., 2023; Rarrick
et al., 2023) for producing different gendered trans-
lations operate on “sentence-level”, instead of on
“entity-level”: they only allow two sentence-level
alternatives to surface, in which both secretary and
boss are either masculine or feminine:

* secretary, boss: El secretario estaba enojado con el jefe.?
* secretary, boss: La secretaria estaba enojada con la jefa.

In this work, we introduce a novel approach that
operates on entity-level, i.e., it generates four al-
ternatives corresponding to all grammatically valid
combinations of gender choices for both entities:
secretary, boss: El secretario estaba enojado con el jefe.
secretary, boss: El secretario estaba enojado con la jefa.
secretary, boss: La secretaria estaba enojada con el jefe.
secretary, boss: La secretaria estaba enojada con la jefa.

When integrated with a proper user interface,
our approach provides users with the freedom to
choose gender for each entity. We posit that any
such system should meet the following practical
quality criteria, making the problem challenging:

2Gendered translations in Spanish. Brown and teal repre-
sent masculine and feminine genders respectively.
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* Alternatives should not be produced when the
gender can be inferred from the sentence context,
e.g., “She is a boss” should only produce the
feminine translation “Ella es una jefa”.

» All alternatives should maintain grammatical
gender agreement. Phrases like “El secretaria”
or “secretaria estaba enojado” should not be pro-
duced as they break gender agreement by using
different gendered forms for the same entity.

 Alternatives should differ only in gender inflec-
tions and not general wording, formality, etc., as
any such differences can potentially encode bias.

This paper presents several key contributions
towards studying the task of generating entity-level
alternatives, meeting the above quality criteria:

* Producing entity-level alternatives for n gender-
ambiguous entities requires generating 2" dif-
ferent translations. We propose an efficient ap-
proach that reduces the problem to generating
a single structured translation where “gender-
sensitive phrases” are grouped together and
aligned to corresponding ambiguous entities.

» We open source train datasets 3 for this task for
5 language pairs and establish supervised base-
lines. We extend an existing test set for this task:
GATE (Rarrick et al., 2023) from 3 to 6 language
pairs and open source the extended set.

* We develop a semi-supervised approach that
leverages pre-trained MT models or large lan-
guage models (LLMs) for data augmentation.
Models trained on augmented data outperform
the supervised baselines and can also generalize
to language pairs not covered in the train sets.

2 Entity-Level Gender Alternatives

Our key insight for efficiently generating entity-
level gender alternatives is to reduce the problem
to generating a single translation with embedded
gender structures and their gender alignments.
Consider our previous example: “The secretary
was angry with the boss.” We want to generate the
following entity-level alternatives:
secretary, boss: El secretario estaba enojado con el jefe.
secretary, boss: El secretario estaba enojado con la jefa.

secretary, boss: La secretaria estaba enojada con el jefe.
secretary, boss: La secretaria estaba enojada con la jefa.

*https://github.com/apple/
ml-gendered-translation

Since we constraint the alternatives to only dif-
fer in gender inflections, we can instead produce
a single translation with gender-sensitive phrases
grouped together as gender structures, shown in ()

(i) estaba (Gofaas) con (Gur,)

All alternatives can be derived from this single
translation by choosing either the masculine or fem-
inine form in each gender structure. However, do-
ing this naively can give us invalid alternatives that
break gender agreement, for example:

El secretario estaba enojada con el jefe

(4 o) and (ol ) correspond to the same
entity secretary and cannot have different gender
choices. By having gender alignments between
each gender structure in the translation and its cor-
responding gender-ambiguous entity in the source,
we can deduce which gender structures are linked
together and need to be consistent with each other.

Let x = x1 ...z, be the source sentence con-
taining n tokens and let G, C {1...n} represent
the set of indices of gender-ambiguous entities in z.
We aim to produce a translation yg:

yS:yl...(}dﬁ/]‘)...(\F[,"j)...ym, (1)

containing a set of gender structures S =
{S1...Sk} where S; = (}4{ ) is the i gender
structure. Translation yg is a sequence of two types
of elements: {y;...ym} = ys \ S are regular to-
kens that do not change based on the gender of any
entity in G, and )/ ./F are the masculine and fem-
inine inflected forms of the phrases that do change
based on the gender of an entity in GG,. Gender
alignments can then be formally defined as a one-
to-many mapping from G, to S. An ambiguous
entity is aligned to a gender structure ( i ) iff the
correct inflection form (M or F) in the translation
depends on the gender of the entity. In our example,
secretary is aligned to ([} i) (Gojaaa )» and
boss is aligned to (l“llj';‘l ). Given the translation
with gender structures yg and gender alignments,
alternatives corresponding to any combination of
gender assignments of ambiguous entities can be
easily derived as follows: for all ambiguous enti-
ties with male gender assignment, choose the male
form for their aligned gender structures. Similarly,
for all entities with female assignments, choose the
female form for their aligned gender structures.
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Source annotations

Target annotations

Alignment annotations

The lawyer fought to keep his child,
who is a gangster, safe from the judge.
lawyer — Masculine

child — Gender-Ambiguous

judge — Gender-Ambiguous

El abogado luché para mantener a su (

un ,
que es (una) gdngster, a salvo (

hijo . hijoy ,un
hija)s | child = () ()

del juez . del juez
de lajueza)' Judge — (de lajueza)

Table 1: English—Spanish annotation example. lawyer, child and judge are the annotated entities. child and gangster
refer to the same entity and child is selected as the head-word. lawyer is marked as masculine because of the
co-referring pronoun Ais and is translated to the masculine form: El abogado. child and judge are gender-ambiguous
leading to gender structures in the translation (middle column) and gender alignments (rightmost column).

3 Datasets

To build and evaluate systems producing alterna-
tives, we prepare train and test sets containing gen-
der structures and gender alignment annotations.

3.1 Testdata

We evaluate our models on a combination of two
existing test sets that test complementary aspects:

e GATE (Rarrick et al., 2023) has source sentences
with at least 1 and at most 3 gender-ambiguous
entities with their entity-level alternatives satis-
fying our quality criteria. It evaluates the system
on cases where alternatives should be produced.

* MT-GenEval (Currey et al., 2022) contains sen-
tences with entities whose gender can be inferred
from the sentence context and are not ambiguous.
This set is helpful for evaluating cases where al-
ternatives should not be produced.

These two test sets have different annotation for-
mats and guidelines. In order to unify them, we ask
annotators to review and post-edit existing annota-
tions using the following guidelines:

1. Marking gendered words: First, all words in
the source referring to entities (people/animals)
that can have masculine or feminine grammatical
genders are marked.

2. Gender ambiguity annotation: Next, if multi-
ple words refer to the same entity, a head word
is selected among them. We guided the annota-
tors to pick the one that acts the most like the
subject as the head word. For each head word, if
its gender can be inferred from the grammatical
context, such as co-referring male/female pro-
nouns, it is marked as such. If no gender can be
inferred, the gender is marked as ambiguous. We
only rely on grammatical sentence context and
not on external knowledge/common gender as-
sociations of names/proper nouns. Appendix B
discusses how our annotation guidelines handle
the problem of masculine generics (Piergentili
et al., 2023a), where masculine nouns/pronouns

can be used to refer to ambiguous or collective
entities.

3. Gender aware translation: Finally, we ask the

annotators to translate the source sentence. En-
tities without any ambiguity must be translated
into the correct gender. If the translation depends
on the gender of the ambiguous entities in the
source, gender structures and gender alignments
are annotated.

Table 1 explains the process with the help of an
example annotation. We prepare this unified test set
for 6 language pairs: English to German, French,
Spanish, Portuguese, Russian, and Italian.*

3.2 Train data

We open source train data containing samples in the
same format as the test set to ensure reproducibility
and to encourage development of supervised/semi-
supervised systems for producing alternatives. In
contrast to the test sets, which are created via hu-
man annotation, we rely on an automatic data aug-
mentation approach (see Appendix C for details) to
create train data at scale. The source sentences for
the train sets are sampled from Europarl (Koehn,
2005), WikiTitles (Tiedemann, 2012), and Wiki-
Matrix (Schwenk et al., 2021) corpora. The train
data are partitioned into two different sets:

* G-Tag contains source sentences with head
words for all entities with their gender ambiguity
label: Masc., Fem. or Ambiguous.

* G-Trans contains gender-ambiguous entities in
the source sentences, gender structures in the
translations and gender alignments.

To the best of our knowledge, this is the first
large-scale corpus that contains gender ambiguities
and how they effect gendered forms in the trans-
lation. We release these sets for 5 language pairs:
English to German, French, Spanish, Portuguese,
and Russian. G-Tag contains ~ 12k sentences and

*We extend the original GATE corpus, which only includes
English to Spanish, French, and Italian.
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G-Trans contains ~ 50k sentence pairs per lan-
guage pair. Detailed statistics of the train and test
sets can be found in Appendix A.

4 Training MT Models to Generate
Gender Structures and Alignments

We first present how to train MT models that pro-
duce gender structures and alignments, assuming
parallel data enriched with gender structures and
alignments (for example, G-Trans) is available. We
then describe a novel data augmentation pipeline
that can enrich any regular parallel corpora with
gender structures and alignments.

Given a source sentence x = {1 ...y}, trans-
lation yg containing gender structures, and gender
alignments A, we want to train the MT model to
generate yg, A|z. Let’s assume that yg contains k
gender structures and A = {a; ...a;} where q;
represents the source token aligned to the i*" gen-
der structure. We serialize each gender structure in
ys into a sequence of tokens as follows:

(¥) = BEG M MID F END

where BEG, MID, and END are special tokens. The
model is then trained to produce gender structures
in the form of this sequence.

Garg et al. (2019) introduced a technique to train
MT models to jointly generate translations and
word-alignments. We use their approach to learn
generation of gender alignments. Let m; . .. my de-
note the positions of the MID tokens of the gender
structures. A specific cross-attention head is cho-
sen and supervised to learn gender alignments. Let
n and m denote the lengths of the source and the
serialized target respectively and let P,,,, denote
the attention probability distribution computed by
the selected head. We train the model with regular
cross entropy and an additional alignment loss:

k
A
L= Lcross—ent - E ; l09<Pm1:,lli>

where A is a scaling factor. This added loss term en-
courages the attention head to place more probabil-
ity mass on the aligned source token when generat-
ing the MID token belonging to that token’s gender
structure. During inference, the gender alignment
for the i*" gender structure can be computed as:

a; = argmax Py, ¢
se{z1...xn}

This model can generate gender structures and
alignments without any additional inference over-
head. Then, using the procedure described in sec-
tion 2, all entity-level alternatives can be easily
derived from the model outputs.

5 Data Augmentation Pipeline

G-Trans dataset provides supervised data to train
MT models in the above manner. However, this
dataset is small (50k examples per language pair)
and has a restrictive domain, limiting the quality
of the trained models. We propose a data augmen-
tation pipeline that can take any regular parallel
corpora (containing high quality but potentially bi-
ased translations) and augment the translations with
gender structures and alignments whenever there
are ambiguities in the source.

Algorithm 1 Data Augmentation Overview

Input: + = {z1...z,} (source sentence) and yp =
{y1...ym} (reference translation without gender struc-
tures, potentially biased)

> Step 1: Detect set of gender-ambiguous entities G, in
the source sentence: G, C {1...n}
G < GenderAmbiguousEntities(x)
if G, = ¢ then
Output: z,y5, ¢
end if

> Step 2: Transform yp into an all-masculine yys and
all-feminine yr translations

ym < argmax p(y|z, ys, gender(z;) = male Vi € G,)
yr « argmax p(y|z,ys, gender(z;) = female Vi € G,)

> Step 3: Combine yns and yr into a single translation yg
containing gender structures

Letypvr =vy1...My...yj... My ... ym and

Letyr = y1 R 1 c Y5 ~--Fk---ym

where y. are the common tokens between yas and yr and
{(M;, F;) 14 € 1...k} be the k differing phrases.

ys<—gr0up(yM7yF):yl~~~(¥f)--~(¥:)---ym

> Step 4: Align each gender structure S; = ( J;f: ) to its
corresponding ambiguous entity in G,
A + ComputeGenderAlignments(x, ys)

Output: z,ys, A

Algorithm 1 gives an overview of the main com-
ponents of the pipeline, which we describe in detail
in the following subsections. It consists of first
detecting gender-ambiguous entities in the source
sentence (§5.1), followed by transforming the ref-
erence translation into all-masculine/all-feminine
translations (§5.2, §5.3), condensing those into sin-
gle translation with gender structures, and finally
aligning the gender structures (§5.4).
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Source

Target

The doctor was angry with the patient
doctor — Gender-Ambiguous
patient — Gender-Ambiguous

G-Trans dataset

( El doctor ) estaba (enojado

el .
nOJada) con (la) paciente

La doctora’

Fine-tuning bi-text

The doctor<M> was angry with the patient<M>
The doctor<F> was angry with the patient<F>
The doctor<M> was angry with the patient<F>
The doctor<F> was angry with the patient<M>

El doctor estaba enojado con el paciente
La doctora estaba enojada con la paciente
El doctor estaba enojado con la paciente
La doctora estaba enojada con el paciente

Table 2: Extracting bi-text for fine-tuning from the G-Trans dataset. Each gender-ambiguous token is suffixed with
a gender assignment tag: <M>/<F>. With the help of alignments (shown via color coding), the correct gender
inflection is selected in the translation. n ambiguous entities can result in 2" different assignments, but we only

non

keep "all-masculine", "all-feminine", and a maximum of 3 other randomly sampled assignments.

5.1 Detecting gender-ambiguous entities

Traditionally, rule-based methods, which rely on
dependency parsing and co-reference resolution,
are used to detect gender-ambiguous entities in
the source sentence (Rarrick et al., 2023; Habash
et al., 2019). In contrast, we adopt a data-driven
approach. G-Tag dataset contains English source
sentences annotated with head-words, which refer
to entities with their gender label derived from the
grammatical sentence context: ambiguous, mas-
culine, feminine. Following Alhafni et al. (2022),
we fine-tune a (BERT-style) pre-trained language
model (PLM) using this dataset to tag each source
token with one of the four labels: ambiguous, mas-
culine, feminine, or not a headword.

5.2 Generating all-masculine/feminine
translations using fine-tuned MT models

If ambiguous entities are detected in the source
sentence, then the next step is to transform the
high-quality but potentially biased reference trans-
lation yp to all-masculine ys and all-feminine yr
translations. yy; and yr are equivalent to sentence-
level alternatives corresponding to masculine and
feminine assignments for all ambiguous entities,
respectively. We explore two methods for this task:
fine-tuning pre-trained MT models (this subsection)
and using LLMs (subsection 5.3).

We fine-tune a pre-trained MT model M on a bi-
text extracted from the G-Trans dataset. The source
sentences of this bi-text contain ambiguous entities
tagged as masculine or feminine using <M>/<F>
tags, and the target translation has correct gender
inflections given the gender tags. Table 2 explains
this extraction process in detail using an example.

The fine-tuned model Mg tuned learns to gen-
erate translations with gender inflections in agree-
ment with the gender assignments (<M>/<F>) in
the source. We use Saunders and Byrne (2020)’s
lattice rescoring approach to generate ys and yr.
Let x5 and 2 denote source sentences in which

all ambiguous entities (G,) have been tagged using
<M> and <F> tags, respectively. Let I(yp) repre-
sent the search space consisting only of all possible
gender inflection variants of y5. Mfne-tuned 1S used
to decode y,s and yr over the constrained search

space I(yp):

yM = argmaXpMﬁne-luned (y‘xM)
yel(ys)

yF - argmaXpMﬁne-tuned(y‘xF)
yel(ys)

This can be done efficiently using constrained
beam search. This procedure guarantees that y,/,
yr, and yp differ only in terms of gender inflec-
tions, and therefore, v, and yr possess the same
general translation quality as the reference transla-
tion yp.

English input: That is not what the taxpayers and consumers of
Europe want.

Base Spanish translation: No es eso lo que quieren los
contribuyentes y los consumidores de Europa.

Edited Spanish translation (feminine taxpayers, feminine
consumers): No es eso lo que quieren las contribuyentes y las
consumidoras de Europa.

Edited Spanish translation (masculine taxpayers, masculine
consumers): No es eso lo que quieren los contribuyentes y los
consumidores de Europa.

In-Context Example(s)

Base Spanish translation: {yg}
Edited Spanish translation ({feminine i Vi € G,}):

Test
Input

I English input: {x}

LLM

Output

{ve)
I Edited Spanish translation ({ masculine i Vi € G, }): {yy}

Figure 1: Prompting LLMs using in-context examples to
edit the reference translation yp into all-masculine and
all-feminine gender assignments. Multiple in-context
examples are used but we illustrate only one here for
brevity.

5.3 Generating all-masculine/feminine
translations using LLMs

LLMs’ ability to learn using in-context examples
(Brown et al., 2020) provides us with an alter-
native approach for generating yys and yr. We
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can provide selected instances from G-Trans as in-
context examples in the prompt to the LLM and
have it generate output for a test instance (Sdnchez
et al., 2023). Inspired by re-writing literature (Van-
massenhove et al., 2021; Sun et al., 2021), we de-
sign a prompt that treats the LLM as an editor: it
edits/re-writes the given translation yp to match
the provided gender assignments (all-masculine
and all-feminine) in the prompt (See Figure 1 for
an example).

5.4 Aligning gender structures

yy and yp are combined together in Step 3 as
described in Algorithm 1 to produce a single trans-
lation yg containing gender structures. The final
step is to align each gender structure in yg to an
ambiguous entity in the source. We model this as a
tagging task and fine-tune a PLM using alignment
annotations in the G-Trans dataset.

Algorithm 2 Alignment Algorithm

Imput: z = {x1...x,} (source sentence) and yg (transla-
tion with £ gender structures)

Letys=y1---(¥f)'--(¥:)wym

for i'" gender structure S; = ( j}f; ) do
Let | be a special marker token
a; < PLM(z;y4) > ; denotes concatenation
end for
Output: A ={a;,Viel...k}

Each gender structure is aligned one-by-one as
described in Algorithm 2. To align the i*" gender
structure S;, we take yys and enclose the phrase
corresponding to S; by a special token | to get y4.
Then x and y 4 are concatenated together and fed to
the PLM, which is fine-tuned to tag all the tokens in
x as aligned/not-aligned to S; (See Figure 5 in the
Appendix for an example). The gold aligned/not-
aligned labels for fine-tuning are extracted from the
G-Trans dataset.

6 Evaluation Metrics

We evaluate our systems’ performance using the
following metrics:

* Alternatives metrics: These metrics compute
the overlap between the set of sentences that
have alternatives in the test set and the set of
sentences for which the system produces alterna-
tives. This overlap is measured using precision
and recall and gives a sense of how often the

system produces alternatives and whether it pro-
duces them only when needed.

* Structure metrics: These metrics are computed
over the set of sentences for which both the test
set and system output contain alternatives. They
measure the quality of the generated alternatives
by computing the overlap between the gender
structures in the reference alternatives and the
generated alternatives. The overlap is measured
using precision and recall.

* Alignment accuracy: This is measured as the
% of gender structures that are aligned to the
correct source entity and reflects the quality of
gender agreement in the generated alternatives.

* §-BLEU: Lastly, following Currey et al. (2022),
to measure the degree of bias towards a gender,
we compute 6-BLEU as follows: We separate the
masculine and feminine forms in gender struc-
tures (if any) for the reference and the system
output, compute masculine and feminine BLEU
scores (using sacrebleu (Post, 2018)), and
measure the absolute difference between the two:

5-BLEU = [BLEU(fn, ) — BLEU(gy, yy )|

Higher -BLEU indicates more bias. Mathe-
matical definitions of alternatives and structure
metrics can be found in Appendix K.

7 Experiments and Results

We will first describe the experimental details and
results of our data augmentation pipeline in 7.1 and
7.2. We then present the training details of the MT
model generating alternatives end-to-end and how
it benefits from data augmentation in 7.3 and 7.4.

7.1 Data augmentation pipeline details

The data augmentation pipeline consists of three
components: detecting gender-ambiguous entities,
generating all-masculine/feminine translations and
aligning gender structures.

We build the ambiguous entity detector (§5.1)
by fine-tuning x1m-roberta-large (Conneau
et al., 2020) using transformers (Wolf et al.,
2020). We use the combined G-Tag dataset across
all 5 language pairs for fine-tuning.

To generate all-masculine/feminine translations,
we explore two approaches: fine-tuning pre-trained
MT models (§5.2), and using LLMs (§5.3). For the
first approach, we fine-tune the M2M 1.2B (Fan
et al., 2021) model using fairseq (Ott et al.,
2019). The model is fine-tuned jointly on bi-text
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FRR | et | e Reeath | "PIEUL | pecisontt Recall | Accuracye
e [T T ae o ] e
e PN ey e
e A
| P ote B s e e
v | TN S s e ey,
En-It Fine-tuned M2M 95.4 87.9 8.2 79.4 75.3 94.1

Table 3: Data augmentation pipeline results. 1 indicates higher-the-better and | lower-the-better metrics.

extracted from the G-Trans dataset (as described in
Table 2) for all 5 language pairs. The list of gender
inflections used for lattice rescoring is collected
from Wiktionary (Ylonen, 2022) and inflections
present in the G-Trans train and test sets.

For the second approach, we use
gpt—-3.5-turbo as our LLM and follow
the prompt design described in subsection 5.3
with 6 in-context examples. We provide additional
ablation studies on the number of in-context
examples, different prompt designs, and choice
of LLM (gpt vs. OpenLlama-v2-7B (Geng
and Liu, 2023)) in Appendix F. We find that
using more in-context examples helps, but gains
are minimal for > 6. Since LLM decoding does
not use lattice rescoring, it is possible that the
generated all-masculine/feminine translations
differ in more than just gender inflections. To avoid
this, we explicitly check the differences and don’t
generate gender structures if the differences don’t
match any entry in the list of gender inflections.

Lastly, to align gender structures we fine-tune
x1lm-roberta-large on source, targets, and
gender alignments extracted from the G-Trans
dataset jointly for all 5 language pairs. The hyper-
parameters for fine-tuning XLLM and M2M models
are decided based on validation performance on a
held-out portion of the train sets and can be found
in Appendices D, E and G.

7.2 Data augmentation pipeline results

The data augmentation pipeline takes source sen-
tences and their reference translations (without gen-
der structures, potentially biased) as inputs. For
evaluating the data augmentation pipeline, we feed
in the source sentences and their all-masculine ref-
erence translations from the test set as inputs. The
pipeline returns these translations augmented with

gender structures and alignments. We can then
compute the evaluation metrics described in sec-
tion 6 on the generated gender structures and align-
ments. Table 3 summarizes the results.

Both M2M and GPT perform mostly on par
with the exception of English-Russian, where GPT
achieves much lower alternatives recall (58.7 com-
pared to 89.3). The quality of generated gender
structures is better for GPT on English-German
and English-Portuguese and better for M2M on
English-Spanish and English-Russian, as can be
seen from the structure metrics. Note that we don’t
have any G-Trans data for English-Italian, so the
results of the M2M model and the alignment accu-
racy on English-Italian are purely due to zero-shot
generalization of M2M and XLLM models (Johnson
et al., 2017). Overall, the zero-shot results are com-
parable to others in terms of alternatives metrics
and alignment accuracy but fall behind on struc-
ture metrics. The alignment model performs well
obtaining > 91% accuracy on all language pairs.

0-BLEU depends on both alternatives and struc-
ture metrics and can be used as a single metric
to compare systems’ performance. Overall, GPT
wins in terms of not relying on any fine-tuning
dataset and better performance on English to Ger-
man, Spanish, and French. Fine-tuning M2M wins
in terms of achieving better results on English to
Portuguese and Russian and being much more ef-
ficient in terms of parameters and inference cost
(M2M 1.2B can be fit on a single A100 GPU).

Finally, Table 5 compares the performance of
our data augmentation pipeline using M2M against
GATE’s sentence-level gender re-writer on their
setup. We use our pipeline to re-write an all-
masculine reference into an all-feminine form
(M—F) and vice-versa (F—M). More details about
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Language Alternatives Structure Alignment FLoRes
Pair Model Metrics 1 §-BLEU MetricsT Accuracy 1 BLEU 1
P% R% + P% R% %
Vanilla - - 8.6 - - - 31.6
En-De Supervised 744 T1.5 2.4 55.2 575 89.1 31.9
w/ Augmented Data | 86.7 87.5 0.8 48.2  55.6 94.2 31.6
Vanilla - - 10.4 - - - 26
En-Es Supervised 789 773 2.8 60.5  60.6 85.2 25.9
w/ Augmented Data | 94.3 92 1 624 66.4 92.5 26
Vanilla - - 8.1 - - - 46.3
En-Fr Supervised 745 678 3.1 60.7 61.7 82.1 44.9
w/ Augmented Data | 87.3 86.7 0.8 59 67.3 92.5 45.8
Vanilla - - 12.5 - - - 44.6
En-Pt Supervised 83.4 826 3.1 60 60.9 86.9 43.7
w/ Augmented Data | 92.2 94.4 1.1 59.5 63.5 94.2 44.1
Vanilla - - 5.3 - - - 25.6
En-Ru Supervised 70.6  54.5 2.4 42 39.5 83.7 26.4
w/ Augmented Data | 80.7 77.2 1.5 376 39.8 91 24.9
En_It Vanilla - - 11.6 - - - 27.9
w/ Augmented Data | 93.7 89.4 3.2 53 50.9 94.6 27.6

Table 4: End-to-end MT model results. P and R denote precision and recall respectively.

LP [ Direction [ Model | P% | R% | F0.5 |

vMop | OATE [ 95 | 40 | 075
EnEe Ours | 89.6 | 69.2 | 0.85
roy | GATE | 97 | 50 | 0.82

Ours | 94.5 | 73.7 | 0.89

GATE | o1 | 27 | 0.62

cop LT | ours | 803 | 725 | 085
ron | CATE | 97 | 28 | 065

Ours | 96.1 | 79.3 | 0.92

GATE | 91 | 32 | 0.66

b Lt | Ours | 787 | 588 | 0.74
ron | GATE | 96 | 47 | 079

Ours | 92 | 75.1 | 0.88

Table 5: Comparison of data augmentation pipeline
using M2M against GATE on M — F and F — M re-
writing. P and R denote precision and recall.

the setup and evaluation metrics used for this com-
parison can be found in Appendix I. We see signifi-
cant improvements in recall at the cost of relatively
small degradation in precision (except English-
Italian). Our system is able to outperform GATE on
their proposed F.5 metric on all 3 language pairs.

7.3 End-to-end MT model details

We train a vanilla multilingual MT model on all
6 language pairs using parallel corpora from Eu-
roparl, WikiMatrix, WikiTitles, Multi-UN (Chen
and Eisele, 2012), NewsCommentary (Barrault
etal., 2019) and Tilde MODEL (Rozis and Skadins,
2017). We refer to this as vanilla bi-text. We evalu-
ate the models on gender-related metrics using our
gender test set. The details of data pre-processing,
training, and model architecture can be found in
Appendix J.

A straightforward way to adapt this vanilla
model to produce gender alternatives is to use
domain adaptation methods towards the G-Trans
dataset (which contains gender structures and
alignments). To this end, we train another MT
model with the vanilla bi-text plus the G-Trans
dataset with a prefixed corpus tag <gender> us-
ing the loss and serialization described in section 4.
Adding corpus tags when mixing corpora from dif-
ferent domains has proven to be quite effective
(Kobus et al., 2017; Caswell et al., 2019; Costa-
jussa et al., 2022). During inference, this tag is
used to decode gender alternatives. We treat this
model as the supervised baseline.

Finally, we train a third model, this time aug-
menting the entire vanilla bi-text with gender struc-
tures and alignments by passing it through our data
augmentation pipeline (using M2M since running
GPT at scale is cost-prohibitive).

To measure the impact of our approach on gen-
eral domain translation performance, we evaluate
the models on the FLLoRes (Costa-jussa et al., 2022)
test set. Since FLoRes references don’t contain gen-
der structures, we also remove gender structures
from the outputs of our models (if any are present)
while evaluating against FLoRes. We do so by
choosing the gender form which is more probable
according to the model: concretely, for every gen-
der structure BEG M MID F END, we choose either

or I depending on which phrase has a higher
average token log probability.
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7.4 End-to-end MT model results

Table 4 summarizes the results of these models.
The vanilla model cannot generate alternatives and
shows a huge bias towards generating masculine
forms (6-BLEU ranging from 5.3 to 12.5 points).
This bias is greatly reduced by the supervised base-
line. The model trained on augmented data further
reduces the bias and obtains the best performance
in terms of alternative metrics, alignment accuracy,
and J-BLEU. This shows the effectiveness of the
data augmentation pipeline. Augmented data also
allows us to train a competitive system for English-
Italian which lacks supervised data.

Results on general domain translation quality
(Column FLoRes BLEU from Table 4) show that
compared to the vanilla baseline, the model trained
on augmented data suffers no degradation on En-
glish to German and Spanish and some degrada-
tions (—0.3 to —0.7 BLEU) on Engish to French,
Portuguese, Russian and Italian.

8 Conclusion and Future Work

In this work, we study the task of generating entity-
level alternatives when translating a sentence with
gender ambiguities into a language with grammat-
ical gender. We open source first train datasets,
encouraging future research towards this task, and
develop a data augmentation pipeline that leverages
pre-trained MT models and LLMs to generate even
larger train sets. Finally, we demonstrate that this
data can be used effectively to train deployment-
friendly MT models that generate alternatives with-
out any additional inference cost or model compo-
nents.

Our models and pipeline can enable new trans-
lation Uls that support fine-grained gender con-
trol and can also find applications in aiding human
translators to automatically point out ambiguities
and recommend alternative translations.

Future work includes exploring other genderless
source languages apart from English (e.g., Chinese,
Korean, and Japanese) and associated challenges,
as well as extending the approach to non-binary and
gender-neutral forms (Lardelli, 2023; Piergentili
et al., 2023b; Savoldi et al., 2024).

Bias Statement

This work focuses on the bias a machine trans-
lation system can manifest by solely generating
one translation from multiple valid ones that exist

with respect to grammatical gender when trans-
lating from English to a more gendered language,
e.g., French. Singling out one translation as such
without offering users the ability to modify the
output to match the grammatical gender the user
intends for each entity causes two categories of
harm: representation harm and quality-of-service
harm (Madaio et al., 2020; Blodgett et al., 2020).
It causes representational harm by reflecting the
potential stereotypes that lead to the default trans-
lation (e.g., between occupations and gender) and
quality-of-service harm by failing the users who
need the output in the target language to be in a
grammatical gender case other than what is gener-
ated by default. Our work advocates and proposes
a solution for enabling users to choose from all
equally correct translation alternatives.

Limitations

All mentions of “gender” in this work refer to the
grammatical gender present in many languages
of the world that are not genderless. Grammat-
ical gender in linguistics is distinct from social
gender: while grammatical gender is essentially a
noun class system, the discussion surrounding so-
cial gender (male, female, nonbinary) encompasses
a much more complex set of concepts, e.g., so-
cial constructs, norms, roles, and gender identities.
Building effective solutions that facilitate inclusive
conversations on these topics is not only an open
problem in NLP, but many fields.

Moreover, the ambiguities in the linguistic gram-
matical gender are assumed to be, as in most of
the gendered languages, binary: masculine and
feminine. However, many languages have more
grammatical genders (i.e., noun classes): e.g., Wor-
rorra has masculine, feminine, terrestrial, celestial,
and collective.

As such, our proposed resources, as presented
so far, fall short of generating entity-level gender-
neutral translations or disambiguation beyond the
binary system of masculine/feminine. However,
it’s noteworthy that our pipeline, paired with suit-
able data resources, e.g., gender-neutral terms for
lattice rescoring, forms a powerful instrument for
addressing such more challenging settings.
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Figure 2: Number of examples v.s. number of ambigu-
ous entities in the test set.

Detailed train data statistics are listed in Table 6.
Detailed test set statistics are shown in Table 7 and
Figure 2.

We had to get the annotations in GATE and MT-
GenEval reviewed and post-edited from human an-
notators because their annotation guidelines differ
from ours in the following respects:

* GATE defines a gender-ambiguous entity as
an entity whose gender cannot be inferred
from the grammatical sentence context and
whose gender can influence changes in the
translation. This second requirement makes
this definition of ambiguous entity dependent
on the target language/translation. E.g., in
“I am going to the market”, despite the gen-
der of I being ambiguous, it would not be
marked as an ambiguous entity for English-
Spanish, since the Spanish translation does not
change based on the gender of /. The same en-
tity would be marked as an ambiguous entity
in case of English-Hindi where the translation
changes based on the gender of /.

In our definition of an ambiguous entity, we
drop the second requirement, making it inde-
pendent of the translation and the target lan-
guage. This enables us to train an ambiguity
tagger solely on the Engish source sentences
which can be used for any English-X language
pair. This, however, forces us to re-annotate
the GATE corpus.

* MT-GenEval corpus contains source sen-
tences with annotated entities whose gender

can be inferred as masculine/feminine from
the sentence context. This provides a valuable
test-bed for catching false positive gender al-
ternatives. However, we found that ~ 50%
of source sentences also contain one or more
ambiguous entities which have not been an-
notated. Therefore we re-annotate the MT-
GenEval corpus as well to mark such entities.

Upon the deanonymized publication of this work,
we plan to release the datasets under CC BY-SA
license.

B Problem of masculine generics during
gender ambiguity annotation

It is fairly common to use masculine gendered
words to refer to ambiguous entities. In admin-
istrative and legal text, masculine gendered words
have been used to refer to collection of people (Pier-
gentili et al., 2023a) for e.g. “A judge must certify
that he has familiarized himself with...”. It is a
complex problem to ascertain whether ke refers to
a masculine individual or a group of (ambiguous
gendered) people at large.

In our annotation guidelines we informed the an-
notators that entities shouldn’t be marked as mascu-
line solely because of masculine generic nouns like
actor, sportsmen. However no special guidelines
were provided around the trickier case of mascu-
line generic pronouns (he, himself as shown in the
example above)

C Synthetically generated train data

We used human annotation to collect primary ver-
sions of G-Trans and G-Tag datasets (gender train
sets) using the annotation process described in sub-
section 3.1. However, we are unable to release
these “human-annotated” sets publicly due to legal
and proprietary data restrictions. To make our ap-
proach and results reproducible to the community,
we instead plan to release "synthetically generated
sets" generated as follows: we trained our data aug-
mentation pipeline (described in section 5) on the
“human-annotated” training sets and then ran the
data augmentation pipeline on corpora mentioned
subsection 3.2. We then sampled the G-Trans and
G-Tag datasets from the pipeline results and use
them throughout our work.

D Gender-ambiguous entity detector

The gender-ambiguous entity detector is fine-tuned
using the following hyper-parameters:
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Dataset Statistic En-De En-Es En-Fr En-Pt En-Ru
Sentences 11.7 13.5 13.3 13.3 10.3
G-Tag Ambiguous entities 13.8 14 13.2 14.6 11.3
Masculine entities 7.4 7.8 7.6 7.9 6.6
Feminine entities 6.1 7 6.7 7 5.6
Sentences 49.4 49.6 49.7 49.6 48.8
G-Trans | Ambiguous entities 69.3 4.7 69.1 73.9 64.1
Gender structures 77.5 81.7 77.6 83.1 72.5

Table 6: Train set statistics: All numbers are in thousands. We sample about 12k sentences for the G-Tag dataset,
roughly containing 2 : 1 : 1 ratio of ambiguous, masculine and feminine entities. About 50k sentence pairs with
ambiguous entities and gender structures are sampled for the G-Trans dataset.

Language No. of sentences with

Pair Total 1+ Ambiguous 1+ gender
entities structures

En-De 3038 2765 2118

En-Es 1407 1147 972

En-Fr 1564 1292 1006

En-Pt 3083 2764 2435

En-Ru 3083 2765 1847

En-It 1312 1018 858

Table 7: Test set statistics: About 80 — 90% sentences
contain at least one gender-ambiguous entity, out of
which about 60 — 80% contain gender structures in the
reference.

* batch size: 64

* epochs: 2

2e-5

intl from sacrebleu

* learning rate:

* tokenizer:
library

* subword model: default
xlm-roberta-large tokenizer

* output labels: <A> (ambiguous), <M>
(masculine), <F> (feminine), <N> (not an en-
tity)

* linear tagging layer: 1024 x4

 Architecture hyper-parameters can be found
by loading xlm-roberta-large using
AutoModelForTokenClassification
intransformers.

* The tagging loss is applied only on the first sub-
word of each token. The prediction for each
token is computed based on the label output for
the first sub-word.

* We fine-tune all the parameters of the pre-trained
model along with the added linear layer.

* All reported results are gathered from a single
run.

Table 8 summarizes the results of the detector on
tagging entities of different genders.

E Generating all-masculine/feminine
translations by finetuned-M2M model

We fine-tuned a pre-trained M2M-1.2B model
with the following hyper-parameters:

* batch size: 8192

* learning rate: 3e-5

* encoder layerdrop: disabled
* decoder layerdrop: disabled

* Rest of the hyper-parameters are the same as the
pre-trained model.

* We fine-tune for a total of 40000 steps and se-
lect the best checkpoint based on loss on a held
out validation set.

* We use the sub-word model and dictionaries of
the pre-trained M2M model. However, we add
gender assignment tags (<M> and <F>) as new
entries in the dictionary and train their embed-
dings from scratch.

* We use a beam size of 5 while decoding all-
masculine/feminine translations using lattice-
rescoring.

» All reported results are gathered from a single
run.

F Ablation studies on generating using
LLMs

We study the effect of three factors on
the effectiveness of LLMs for generating all-
masculine/feminine translations as part of our data
augmentation process: number of in-context exam-
ples, prompt design, and choice of LLM.

F.1 Number of in-context examples

In our preliminary experiments, we found using at
least four in-context examples to be necessary for
our task, with performance starting to plateau there-
after (see the chart below in Figure 3). We use six
in-context examples in the rest of the experiments.
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Language Ambiguous Entities Masculine Entities Feminine Entities
Pair Precision% Recall% | Precision% Recall% | Precision% Recall%
En-De 93.1 91.4 72.5 83.0 74.7 84.2
En-Es 89.8 86.6 70.3 82.3 74.8 83.6
En-Fr 90.3 88.1 69.0 80.0 70.0 80.7
En-Pt 93.1 91.4 70.6 84.4 73.2 87.8
En-Ru 93.2 91.3 71.7 83.9 73.6 84.0
En-It 92.1 89.2 72.3 84.4 72.0 85.7

Table 8: Results of tagging different gendered entities by the XLM based tagger.

Language . . Alternatives Metrics T Structure Metricst
Pair LLM Prompting View Precision%  Recall% | Precision% Recall%
GPT Generator 91.5 81.8 73.2 74.8
En-De Editor 89.4 86.1 73.9 76
OpenlLaMA Generator 91.5 26.6 48.2 41.4
P Editor 92.5 47.8 43.4 37.6
GPT Generator 90.3 87.9 60.4 66.4
En-Es Editor 91.6 92.4 63.5 69.5
OpenLLaMA Generator 67.5 7.9 31.1 26.9
P Editor 91.4 34 52.9 40.7
GPT Generator 87.4 82.3 69.4 77
En—Fr Editor 88.1 86.8 63.8 75.7
OpenLLaMA Generator 54.6 5.3 24.7 28
P Editor 85.9 32.8 58.4 52.3
GPT Generator 94 78.1 66 66.8
En—Pt Editor 92.8 79.8 63.3 66.6
OpenLLaMA Generator 89.7 11.8 46.6 32
P Editor 93.7 44.8 54 43.6
GPT Generator 83.9 61.8 45.9 45.1
En_Ru Editor 80.1 55.3 48.8 49.4
OpenLLaMA Generator 67.6 6.4 8.9 8.4
P Editor 79.1 12.1 27.4 21.4
Table 9: LLM Ablation Results.
= performance and robustness to different kinds of
‘;5 P prompts.
E 80 |- // Specifically, besides the prompt design discussed
< . . . . .
£ / in the main text, which has the LLM edit an exist-
Z 750 / ing translation to satisfy the provided grammatical
uﬁ / gender requirements, we also experiment with an
g 0 additional design: given the input and the gram-
| | | | | . .
1 2 3 4 6 matical gender requirements, we have the LLM

No. of In-Context Examples

Figure 3: Ablation on the number of in-context ex-
amples. We use the GPT’s alternative recall on En-
glish—Spanish as an exemplar. Per this results, we use
six in-context examples for prompting.

F.2 Choice of LLM and prompt design

In addition to GPT (gpt-3.5-turbo),
we also experiment with OpenLLaMA
(OpenLlama-v2-7B) (Geng and Liu, 2023),
an open reproduction of LLaMA (Touvron et al.,
2023). We find these two to vary in overall

generate the translation from scratch (Figure 4).
We call the former the editor-view prompting, and
the latter the generator-view prompting.

In editor-view prompting, the base translation
can be sourced in any number of ways, including
using the reference translation, as we did in sub-
section 7.2. However, to make the study between
editor-view and generator-view fair and make sure
reference translations do not give any advantage to
the editor-view, we first prompt the LLM for base
translations (first call) and then have it edit those
(second call). This effectively breaks the task of
generating gender alternatives down to two sepa-
rate tasks for LLMs: translation, and then editing.
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= 4 | English input: That is not what the taxpayers and consumers of
T Europe want.
g‘ Spanish translation (feminine taxpayers, feminine consumers):
5] No es eso lo que quieren las contribuyentes y las
A consumidoras de Europa.
§ Spanish translation (masculine taxpayers, masculine
5 consumers): No es eso lo que quieren los contribuyentes y los
lé consumidores de Europa.
.

= ‘é English input: {x}

= = Spanish translation ({feminine i Vi € G, }):

=2 {yr}

= 3 Spanish translation ({masculine i Vi € G, }): {y;}

Figure 4: Prompting LLMs using in-context exam-
ples to generate translations with all-masculine and all-
feminine gender assignments from scratch.

Table 9 reports and compares the results of
prompting each of the two LLMs we experiment
with, using each of the two prompt designs we use.
All reported results are gathered from a single run.
GPT, expectedly, outperforms OpenL.LaMA. And
while both generally benefit from breaking down
the task under the editor-view (and perform bet-
ter under editor-view than under generator-view),
OpenLLaMA conspicuously profits more. Specif-
ically, OpenLLaMA’s alternative recall under the
generator-view suggests that it fails to generate al-
ternatives following the in-context examples. How-
ever, under the editor-view, it is able to follow the
in-context examples more. The wider gap between
the performance of OpenLLaMA under the two
prompting approaches compared to that of GPT,
shows that for our task, it’s far less robust to differ-
ent prompt designs.

G Aligning gender-ambiguous entities

We fine-tune an x1m-roberta—-large model
for aligning gender structures to their correspond-
ing ambiguous entities using the following hyper-
parameters:

* epochs: 1
* output labels: 1(aligned), 2 (not-
aligned)

e linear tagging layer: 1024 x 2

* Rest of the hyper-parameters are same as the
gender-ambiguous entity detector (Appendix D).

 All reported results are gathered from a single
run.

Figure 5 shows an example of input and output
when aligning a gender structure.

H Running data augmentation pipeline
on outputs of M2M and GPT

In this work we focus on running the data aug-
mentation pipeline over parallel corpora to enrich
them with gender structures and gender alignments.
However, the pipeline can also be run over any
translation system to generate entity-level gender
alternatives. Table 10 shows the results when the
data augmentation pipeline is run over translations
from the pre-trained M2M and GPT models.

The pipeline uses fine-tuned M2M when run
over translations from the M2M model and the
editor-view prompting using GPT when run over
translations from GPT. We can see that both M2M
and GPT have large bias towards producing mascu-
line translations (6-BLEU values ranging from 6.5
to 12.7 points). The data augmentation pipeline
has multiple components and much higher infer-
ence cost than the end-end student model, but can
produce higher quality gender alternatives when
compared to the end-end model (Table 4 vs. Ta-
ble 10).

I Comparison against GATE

For the comparison against GATE in Table 5, we
use exactly the same setup and metrics (Preci-
sion/Recall/F0.5) from Rarrick et al. (2023). We
evaluate our data augmentation pipeline on the gen-
der re-writing task. Let’s consider the M — F re-
writing case: Given a source sentence with ambigu-
ous entities, the task is to re-write an all-masculine
reference translation into an all-feminine reference
translation. A system might not output a re-write
(in case it fails to detect any ambiguous entities or
if the re-written output is the same as the input)
or it might actually do a re-write. If the system
performs a re-write, it’s classified as correct if the
re-write matches the all-feminine reference trans-
lation exactly. If there is any difference between
the two, then the re-write is classified as incorrect.
Given these definitions, the Precision and Recall is
defined as:

number of correct re-writes

Precision = -
number of attempted re-writes

number of correct re-writes
Recall =

total number of examples

J End-to-end MT model to generate
alternatives

We extract the bi-text used for training end-to-end
models using mt data (Gowda et al., 2021). We
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The doctor and the nurse

i e R O W R

_a doctorz la enfermera

I Linear layer I

| XLM-R |
ttt 1t 11
1) ) o ) ) 0 ) ) ) ] e

Figure 5: This figure shows an example of aligning the gender structure (La Joor ) The model is fine-tuned to
classify the source tokens as being aligned (1) or not-aligned (0) to this gender structure.

Language Model Alternatives MetricsT BLEU Structure Metricst
Pair Precision% Recall% | Masc.t Fem.T | | Precision% Recall%

M2M - - 46.8 36.6  10.2 - -

En_De + Data Augmentation 92.5 82.8 46.9 45.7 1.2 64.7 64.2
GPT - - 53.8 414 124 - -

+ Data Augmentation 89.4 86.1 53.8 52.7 1.1 73.9 76
M2M - - 47.3 37 10.3 - -
En_Es + Data Augmentation 95.8 91.3 47.5 46.5 1 63.2 64

GPT - - 51.8 404 114 - -

+ Data Augmentation 91.6 92.4 51.5 50.4 1.1 63.5 69.5
M2M - - 50 41.5 8.5 - -

En_Fr + Data Augmentation 90.7 84 52.4 48.8 3.6 54.5 67.6
GPT - - 58.5 48.4  10.1 - -

+ Data Augmentation 88.1 86.8 58.3 57 1.3 63.8 75.7
M2M - - 49.2 36.9 123 - -

En_Pt + Data Augmentation 94.1 94.2 49.2 48.3 0.9 59.1 60.1
GPT - - 54.1 40.6  13.5 - -

+ Data Augmentation 92.8 79.8 54.2 51.5 2.7 63.3 66.6
M2M - - 29.2 22.7 6.5 - -

En—Ru + Data Augmentation 86.9 81.1 29.3 27.9 1.4 44.6 42.3
GPT - - 31.8 241 7.7 - -

+ Data Augmentation 80.1 55.3 31.3 28.2 3.1 48.8 494
En_t M2M - - 46.8 34.1 127 - -

+ Data Augmentation 95.9 84.6 47 43.3 3.7 54.7 50.9

Table 10: Results of the data augmentation pipeline applied to vanilla translations produced by pre-trained M2M
and GPT models.
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use sentencepiece (Kudo, 2018) to learn a vo-
cabulary of size 36000 tokens. We remove sentence
pairs with lengths > 400 sentencepiece tokens or
exceeding a token ratio of 1: 3. We train all end-to-
end models using the following hyper-parameters:

* batch size: 458752
* decoder layers: 20
* decoder layers: 3

e lr: Te-4

* We supervise an attention head in second from
the bottom decoder layer. The scaling factor A
for the alignment loss is setto 0. 05.

* embedding dim: 512

* shared encoder-decoder and input-output embed-
dings

* learning rate: 3e-5

* All reported results are gathered from a single
run.

The end-end models produce gender structures

without any constraints. This can result in gender

structures containing phrases that differ in more

than just gender inflections. To avoid this, we

explicitly check the gender structures against our

collected list of gender inflections and retain only

those structures which pass the check.

K Evaluation Metrics

The alternatives metrics compute the sentence level
precision and recall of generating alternatives. Let
I(b) denote an indicator function:

1 =T
1) rue
0 b = False

and given a sentence z, let ¢(x) check whether x
contains gender structures:

b(x) = {True

x contains gender structures

False otherwise

Let y and 3 denote the reference from the test set
and the system hypothesis respectively, then al-
ternatives precision and recall can be defined as
follows:

> Wo(y) A o(9))

.. Yy
Precision = ZI@(Z)))
9
S I() A 6(3))
A ) (C100)

We compute structure metrics over the subset .S
where both references and system outputs contain
gender structures, i.e. S = {(v,9) | ¢(y) A p(9) =
True}. Over S, we compute the following statis-
tics:

* Total structures: total number of gender struc-
tures present in y for (y, ) € S.

* Predicted structures: total number of gender
structures present in g for (y,y) € S

* Correct structures: total number of gender
structures which are present in both y and g
for (y,9) € S

We can then compute structure precision and recall
as follows:

. Correct structures
Precision =

Predicted structures

Correct structures

Recall =
Total structures
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Abstract

Name-based gender prediction has tradition-
ally categorized individuals as either female
or male based on their names, using a binary
classification system. That binary approach can
be problematic in the cases of gender-neutral
names that do not align with any one gender,
among other reasons. Relying solely on binary
gender categories without recognizing gender-
neutral names can reduce the inclusiveness of
gender prediction tasks. We introduce an addi-
tional gender category, i.e., “neutral”, to study
and address potential gender biases in Large
Language Models (LLMs). We evaluate the
performance of several foundational and large
language models in predicting gender based on
first names only. Additionally, we investigate
the impact of adding birth years to enhance
the accuracy of gender prediction, accounting
for shifting associations between names and
genders over time. Our findings indicate that
most LLMs identify male and female names
with high accuracy (over 80%) but struggle
with gender-neutral names (under 40%), and
the accuracy of gender prediction is higher
for English-based first names than non-English
names. The experimental results show that in-
corporating the birth year does not improve
the overall accuracy of gender prediction, espe-
cially for names with evolving gender associa-
tions. We recommend using caution when ap-
plying LLMs for gender identification in down-
stream tasks, particularly when dealing with
non-binary gender labels'.

1 Introduction

Name-based gender prediction is the task of iden-
tifying the most likely gender label for a given
name. This task, while not reflective of the true
gender identify of the individual, is often useful

“Equal Contribution.
'Our code is available at https://github.com/
zhiwenyou1@3/Beyond-Binary-Gender-Labels.

3 jinseokk@umich.edu

4 jana.diesner@tum.de

Year of Birth: 1933
Gender: Male

/1 Female
Victory Male
=] Neutral

First Name

Year of Birth: 2016
Gender: Neutral

[ Female
Victory Male
I Neutral

First Name

[ male | ©

Figure 1: Example of an LLM predicting different gen-
der labels over time for the same first name. “Victory”
was labeled Male in 1933, and the LLM predicted it
correctly. However, by 2016, the name had become pre-
dominantly gender-neutral, but the LLM still incorrectly
predicted it as Male.

for aggregate downstream analysis and as a demo-
graphic feature for predictive models. Prior work
has utilized name-based gender prediction to inves-
tigate gender bias in scientific productivity, citation
practices, informati