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Message from the Organising Committee

This volume contains the proceedings of the Fourth International Workshop on Gender-Inclusive Tran-
slation Technologies (GITT-2026)", hosted by the 26th Annual Conference of the European Association
for Machine Translation (EAMT 2026). GITT is set out to focus on gender-inclusive language in transla-
tion and cross-lingual scenarios. The workshop brings together researchers from diverse areas, including
industry partners, MT practitioners and language professionals. Also, GITT aims to encourage multidi-
sciplinary research that develops and interrogates both solutions and challenges for addressing bias and
promoting gender inclusivity in MT and translation tools, including LLM applications for the translation
task.

The workshop welcomed four types of contributions: research papers, research communications,
extended abstracts and potluck communications. GITT-2026 received a total of 13 novel submissions
(8 research papers, 2 extended abstracts, 3 potluck communications) and 2 research communications.
Following the review process, 12 submissions received positive reviews, highlighting a continued quality
of the submissions received (i.e. GITT-2023 resulted in an acceptance rate of 75%, GITT-2024 and GITT-
2025 resulted in acceptance rates of 100%). It is worth noting that the research communications did not
undergo the review process as it had previously undergone peer-review at a top-tier conference. The 8
accepted papers have been assigned to oral presentations, while the accepted abstracts have been assigned
to the poster session. The research communication and potluck communications, which are not included
in the proceedings, are to be presented during the poster session in order to promote dissemination of
research aligned with the scope of the workshop.

The accepted papers cover a diverse range of topics related to the analysis, measurement, and mi-
tigation of gender bias in (Machine) Translation, as well as to the investigation of inclusive language.
We are glad to attest to the interdisciplinary perspectives and methods represented in GITT submissions.
Notably, we observe key trends emerging from this year’s submissions: (i) an increasing use of large
language models (LLMs) for bias evaluation and mitigation, (ii) a growing focus on non-binary and
gender-inclusive language practices across multiple languages beyond English, and (iii) the application
of novel methods — e.g. interpretability tools — to address gender bias.

In addition to the technical programme, we are honoured to have three keynote speakers: Odette
Scharenborg (Full Professor of Inclusive Speech Communication at the Delft Inclusive Speech Com-
munication (DISC) group at the Multimedia Computing Group at Delft University of Technology, the
Netherlands) presenting on “Inclusive speech technology: Developing automatic speech recognition for
everyone”; Katta Spiel (Assistant Professor for ‘Critical Access in Embodied Computing’ at TU Wien,
Austria) presenting on “Dynamic Concepts — Static Machines”; and Sofie Decock (Associate Professor
of Applied Linguistics at the Department of Translation, Interpreting & Communication at Ghent Uni-
versity, Belgium) presenting on “Beyond the binary: Experimental insights into gender-neutral pronouns
and inclusive interpreting”.

We sincerely thank all the people and institutions that contributed to the success of the workshop:
the authors of the submitted papers for their interest in the topic; the Programme Committee members
for their valuable feedback and insightful comments; the EAMT organizers for their support. Finally,
we thank our sponsors, Fondazione Bruno Kessler and the Faculty of Arts and Philosophy at Ghent
University for their generous contributions.

We hope you enjoy reading the papers and are looking forward to a fruitful and enriching workshop!

June 2026,
Manuel Lardelli, Beatrice Savoldi, Janica Hackenbuchner, Luisa Bentivogli, Eleni Gkovedarou, and Joke
Daems

1https ://sites.google.com/view/gitt2026/
Mhttps://eamt2026.0rg/
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Keynote Talk
Inclusive speech technology: Developing automatic speech
recognition for everyone

Odette Scharenborg
Delft University of Technology, the Netherlands
2026-06-15 09:10:00 — Room: MindLabs, Room: MLZ 1.27

Abstract: Automatic speech recognition (ASR) is increasingly used, e.g., in emergency response cen-
ters, domestic voice assistants, and search engines. Because of the paramount relevance spoken language
plays in our lives, it is critical that ASR systems are able to deal with the variability in the way people
speak (e.g., due to speaker differences, demographics, different speaking styles, and differently abled
users). ASR systems promise to deliver objective interpretation of human speech. Practice and recent
evidence however suggests that the state-of-the-art ASRs struggle with the large variation in speech due
to e.g., gender, age, speech impairment, race, and accents. The overarching goal in our research is to
uncover bias in and improve fairness of ASR systems to work towards inclusive speech technology. In
this talk, I will present systematic experiments aimed at quantifying, identifying the origin of, and miti-
gating the bias of state-of-the-art ASR systems on speech from different, typically low-resource, groups
of speakers thus developing more inclusive ASR systems.

Bio: Odette Scharenborg is a Full Professor of Inclusive Speech Communication at the Delft Inclusive
Speech Communication (DISC) group at the Multimedia Computing Group at Delft University of Te-
chnology, the Netherlands. Her research aims to build inclusive speech technology, i.e. making speech
technology available for everyone irrespective of how they speak or what language they speak. In her
research, she considers technical aspects as well as ethical and societal aspects. Her particular focus is on
human and automatic speech processing, child speech, non-nativeness, low-resource languages, atypical
speech, and preferably combinations of these. From 2017-2025, Odette was on the Board of the Inter-
national Speech Communication Association (ISCA), the largest international society on speech science
and technology. She served as Vice-president from 2021-2023 and as President from 2023-2025. From
2018-2022, she was a member of the IEEE Speech and Language Processing Technical Committee. In
2025, she was the General Chair of Interspeech 2025, the flagship conference of ISCA and the largest
international conference on speech science and technology.
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Keynote Talk
Dynamic Concepts — Static Machines

Katta Spiel
TU Wien, Austria
2026-06-15 13:30:00 — Room: MindLabs, Room: MLZ 1.27

Abstract: Researchers and developers in the area of language technologies have recognised issues as-
sociated with minority language use, also regarding minority genders. Within the gut instinct of any
good computer scientist lies then, of course, the desire to approach the issues productively and pro-
vide solutions. These have included algorithmic adjustments, suggestions for pre- and/or post-editing,
data expansion (to specifically include marginalised language use in data collection and curation prac-
tices) or the synthesis of missing data. All these suggestions are driven by the imaginary of a per-se
gender-inclusive utopia. This talk will interrogate this imaginary and present alternative considerations
acknowledging the fundamental mismatch between the rigid constraints of any machinistic approach and
the dynamic concepts (like gender) governing our social interactions. I encourage the field to reflect
on the collective goals we presume and what else we could offer in world that becomes more and more
polarised — with no small contribution by language technologies themselves.

Bio: Katta Spiel is an Assistant Professor for ‘Critical Access in Embodied Computing’ at TU Wien.
They research marginalised perspectives on embodied computing through a lens of Critical Access. Their
work informs design and engineering supporting the development of technologies that account for the
diverse realities they operate in. In their interdisciplinary collaborations with disabled, neurodivergent
and/or nonbinary peers, they conduct explorations of novel potentials for designs, methodologies and
innovative technological artefacts. They received their PhD in 2018 from TU Wien and after a year at KU
Leuven, they conducted postdoctoral work as an FWF-Hertha Firnberg Scholar, also at TU Wien. Their
work has received several international and national awards, including the SIGCHI 2020 Outstanding
Dissertation Award as well as the Forderungspreis der Stadt Wien in der Sparte Mathematik, Informatik,
Naturwissenschaft, Technik in 2022 and they were awarded an ERC Starting Grant in 2023. They further
serve on the Austrian Monitoring Board on the UN CRPD.
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Keynote Talk
Beyond the binary: Experimental insights into gender-neutral
pronouns and inclusive interpreting

Sofie Decock
Department of Translation, Interpreting and Communication, Ghent University, Belgium
2026-06-15 13:30:00 — Room: MindLabs, Room: MLZ 1.27

Abstract: Recent calls for gender-inclusive language have focused on enabling reference beyond the
gender binary, most visibly through the introduction of gender-neutral pronouns. This talk examines this
ongoing shift toward inclusive nonbinary reference through a dual lens: language users’ perceptions of
emerging gender-neutral pronouns and the practical challenges of implementing gender-inclusive strate-
gies in interpreter-mediated communication. In a first part, I present findings from a series of survey
experiments on gender-neutral pronouns in Dutch, French and Norwegian — three languages in which su-
ch pronouns have been introduced and (partly) codified relatively recently, in contrast to more established
forms such as English singular they or Swedish hen. These languages offer a unique opportunity to study
language change in progress and to examine how differences in linguistic structure shape the uptake of in-
clusive pronominal forms. Across languages, we investigate two central uses of gender-neutral pronouns:
specific reference to nonbinary individuals and generic reference to people in general. The studies ad-
dress speakers’ (evolving) familiarity with, attitudes toward and reported use of these pronouns, as well
as their effects on text comprehensibility, text appreciation and mental gender representations. The se-
cond part of the talk turns to interpreter-mediated interaction, reporting on an intervention study showing
that targeted training in gender-inclusive nonbinary language significantly improves interpreting fluency
and accuracy. Together, this work provides an evidence-based foundation for discussing future directions
of gender-inclusive linguistic practices in professional communication and beyond.

Bio: Sofie Decock is Associate Professor of Applied Linguistics at the Department of Translation, In-
terpreting and Communication at Ghent University, Belgium. One of her main research interests centers
on language and gender beyond the binary, with a particular focus on how gender-inclusive language is
used and perceived in professional communication, ranging from newspaper articles to workplace docu-
ments and interpreter-mediated interactions. In this work, she takes into account differences in language
systems and linguacultural contexts, as well as the perspectives of both L1 and L2 speakers. She is
co-editor of the journal Tijdschrift voor Taalbeheersing (since 2025), serves as a member of the Stan-
ding Committee of the Belgian American Educational Foundation (since 2022), and is also a member of
the Erasmus+-funded CLADES network on Critical Language Awareness, Democratic Engagement and
Sustainability (since 2024). She previously served as a board member of the Vereniging Interuniversi-
tair Overleg Taalbeheersing (2018-2024). She has obtained FWO-SNF WEAVE funding for a research
project on gender-neutral pronouns in Dutch, French and Norwegian.
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The past and future of Fairslator

Michal Méchura
Centre for Translation Studies, University of Vienna
michal.mechura@univie.ac.at

Abstract

Fairslator is a web-based tool for detecting
and correcting bias in machine translation.
Started in 2022 as a personal project, Fairs-
lator has recently (2026) received backing
from University of Vienna where it is go-
ing to be redeveloped into an open-source,
community-contributed tool for rewriting
and computer-assisted postediting of ma-
chine translation. This contribution intro-
duces the plan for that redevelopment.

1 Introduction

Fairslator' (M&chura, 2022) is a plug-in for any
machine translation system which detects ambigu-
ities in the source text and invites the user to dis-
ambiguate them manually through a user interface
shown in Figure 1. Based on the user’s choices
Fairslator rewrites the translation into a different
gender or form of address. Fairslator currently
works in four directed language pairs from English
into German, French, Czech and Irish.

Following Fairslator’s recent redefinition as a
project supported by University of Vienna, Fairsla-
tor is about to be rewritten as an open-source tool
for detecting and rewriting biased translations, in
potentially any language pair. The goal is to build
a tool capable of handling — with reliable accuracy
— all situations when the machine translator has
made an arbitrary, unjustified decision about the
semantic or pragmatic properties of (mainly hu-
man) referents, including but not limited to gender.

A secondary goal is to automate repetitive poste-
diting tasks. In most machine translation postedit-
© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-

BY-ND.
"https://www.fairslator.com/

1

You have helped the patient a lot.

Translate ¥

@ Du hast der Patientin sehr geholfen.

Who are you saying it to? Who is the patient?

® one person

aman

sed casually as “du”

ad politely as “Sie”

Google Translate,

Figure 1: Fairslator’s user interface

ing environments today, once the user has decided
to change something (such as the gender of some
human referent), they need to make the edit manu-
ally. Fairlator’s pregenerated rewrites, which the
user will be able to accept or reject with a sin-
gle click, will remove the mundane manual work
while still leaving the human in control of all deci-
sions.

2 Software architecture

The current version of Fairslator is only a proof of
concept: it is the result of years of experimenta-
tion, is built on technologies not completely suit-
able for the purpose (C#, XML) and is ridden with
technical dept. It has been decided that Fairsla-
tor needs to be rewritten from scratch if it is to
become genuinely useful and long-term maintain-
able. The new version will be written in Python
and the spaCy”> NLP library. Some functionality
will optionally be outsourcable to a Large Lan-
guage Model or to another NLP library called
Grammatical Framework>.

2https://spacy.io/
3https://www.grammaticalframework.org/

Proceedings of the 4th Workshop on Gender-Inclusive Translation Technologies (GITT 2026), pages 1-2
June 15, 2026 ©2026 Association for Computational Linguistics



Fairslator will take the output of any machine
translator (the source-translation pair) as its input
and process it along a pipeline with three steps:
1. Preparation: parsing the source text and the
translation, recognising named entities, resolving
coreferences, bilingual alignment. 2. Detection:
matching the source-translation pair against a cata-
logue of patterns which are known to betray biased
translations, and subsequently generating human-
readable disambiguation questions and suggested
rewrites. 3. Rewriting: altering the translation in
accordance with the user’s choices.

Fairslator will be an open-source software li-
brary and will be deliberately designed in such a
way that others can contribute modules for specific
languages and language pairs.

3 Related work

Machine translation vendors including Google*,
Microsoft’, DeepL.%, Amazon’ and Apple (Garg et
al., 2024) have in recent years introduced features
for rewriting translations into different genders and
forms of address. In addition to those, various
language-specific rewriters are being developed in
academia for eg. Arabic (Alhafni et al., 2022), He-
brew (Moryossef et al., 2019) and Greek®. Last but
not least, several vendors of Translation Manage-
ment Systems (TMS) such as XTM?, Intento'? and
TextUnited!! have been unveiling features in their
products with names such as “intelligent postedit-
ing” and “automatic postediting” which aim to au-
tomate repetitive postediting tasks.

All of these initiatives overlap with the Fairsla-
tor project, but Fairslator is not necessarily a com-
petitor to any of them. Unlike other projects which
are either closed-source or language-specific,
Fairslator will be an open-source, language-
agnostic platform where researchers can experi-

“https://research.google/blog/a-scalable-approach-to-
reducing-gender-bias-in-google-translate/
>https://www.microsoft.com/en-
us/translator/blog/2023/03/08/bings-gendered-translations-
tackle-bias-in-translation/
Shttps://support.deepl.com/hc/en-us/articles/4406432463762-
About-the-formality-feature
"https://docs.aws.amazon.com/translate/latest/dg/customizing-
translations-formality.html
8https://1t3.ugent.be/projects/gender-fair-rewriter-for-english-
to-greek-machine/
*https://multilingual.com/xtm-launches-post-editing-ai-
driven-review-automation-localization/
"Ohttps://inten.to/enterprise-language-hub/
https://textunited.com/en/blog/automatic-post-editing-vs-
human-post-editing

ment with different approaches and test the limits
of what is technically possible.

4 Conclusion

The plan for Fairslator’s redevelopment presented
here is a general guide to how the Fairslator project
is likely to develop in the future. Faislator’s long-
term mission is to make postediting less boring for
professional posteditors, and less arbitrarily biased
for all.
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Dutch audience perceptions of human and machine-translated pronouns
for non-binary referent in subtitles

Joke Daems*

Cynthia Van Hee*

Alicia Van Muylem

Ghent University, Ghent, Belgium
firstname.lastname@ugent.be

Abstract

The increased representation of non-binary
characters in audiovisual media is soci-
etally crucial, yet non-binary language
(e.g., pronouns) offers new challenges for
translators. In Dutch, the acceptability
of pronoun strategies for non-binary ref-
erence is debated and evolving. Machine
translation (MT) is increasingly being used
in audiovisual translation, yet its potential
for translation in gender-sensitive contexts
is understudied. In this paper, we compare
three pronoun translation strategies (two
human-produced, one MT) for rendering
the English non-binary pronoun they into
Dutch in an audiovisual context, using a
fragment from the Netflix show Sex Ed-
ucation. We explore general acceptabil-
ity of these strategies and compare this to
audience perceptions after viewing subti-
tled fragments employing a specific strat-
egy. The results support findings from ear-
lier work on non-binary pronouns in Dutch
and indicate that the MT-generated transla-
tions were perceived as the least suitable.

1 Introduction

Contemporary linguistic and social developments
reflect a growing visibility and recognition of
gender diversity, including non-binary and gen-
derqueer identities. Large-scale surveys indi-
cate that gender identities different from the
male/female binary are increasingly prevalent, es-
pecially among younger generations, with on av-
erage 9% of adults (over 26 countries) identifying
© 2026 The authors. This article is licensed under a Creative

Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

3

as LGBT+!, rising to 14% among Gen Z (Ipsos,
2025). Similar patterns are observed in Belgium
(10%). According to an EU-wide survey, 20%
of LGBT+ respondents identify as non-binary (for
Fundamental Rights, 2024). These figures reflect
a growing population for whom linguistic and cul-
tural representation is important.

In parallel, LGBT+ visibility in media has ex-
panded over the past years, driven by both audi-
ence demand and shifts in media production. Sur-
veys show that 29% of respondents across 26 coun-
tries are in favor of more LGBT+ characters on
TV, in films and in advertising (Ipsos, 2025). Be-
yond representation, such visibility has been asso-
ciated with reduced prejudice and increased cul-
tural exchange, particularly through globally dis-
tributed streaming content (Yuan et al., 2025). As
a consequence, accurate and sensitive representa-
tion of genderqueer characters has become increas-
ingly relevant, not only for visibility but also for
viewer identification and social recognition.

This goal of sensitive gender representation is
seemingly at odds with the increased use of au-
tomated subtitling and machine translation for au-
diovisual translation (AVT) (Karakanta, 2022), as
gender bias is still an important bottleneck for MT
systems (Savoldi et al., 2025). Despite growing
attention to both LGBT+ representation and ma-
chine translation in AVT, the intersection of the
two domains remains underexplored, especially in
the Dutch context. The one study to explore MT
gender bias for Dutch revealed that non-binary
pronouns like their are often mistranslated by MT

“These authors contributed equally to this work.

"Including people who identify as lesbian, gay, homosexual,
bisexual, pansexual, omnisexual, asexual, transgender, non-
binary, gender nonconforming, gender-fluid, other than male
or female.

Proceedings of the 4th Workshop on Gender-Inclusive Translation Technologies (GITT 2026), pages 3—15
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systems (Hackenbuchner et al., 2025). To date, re-
ception studies on non-binary pronouns in Dutch
have been limited to newspaper articles (Decock
et al., 2024; Vriesendorp, 2024) and literary texts
(Vos and Nutters, 2022), and empirical research
on audience perception in AVT in general remains
scarce (Karakanta, 2022; Guerberof-Arenas et al.,
2024).

Accordingly, this study aims to investigate how
non-binary pronouns in the Netflix series Sex
Education (Laurie Nunn, 2019) are rendered in
English-to-Dutch subtitles and what the impact
is of human and machine-translated pronouns on
viewer reception. To this end, this paper aims to
answer the following main research questions:

* Which pronouns are seen as acceptable non-
binary pronouns in Dutch? (RQ1)

* What is the impact of different non-binary
pronoun translation strategies (human and
MT) on audience perceptions of Dutch sub-
titles? (RQ2 & RQ3)

In the first analysis, we explore whether demo-
graphic variables have an impact on the perceived
acceptability of pronoun strategies. In the second
analysis, we focus on three aspects (comprehensi-
bility, acceptability and overall quality) of the sub-
titles as a whole (RQ?2), as well as the perceived
suitability of each strategy for non-binary refer-
ence (RQ3).

Bias Statement We focus on the potential rep-
resentational harm (Blodgett et al., 2020) caused
by MT output in audiovisual translation. Specif-
ically, we focus on the MT mistranslation of the
English non-binary pronoun they into a plural pro-
noun in Dutch. This is a form of “linguistic era-
sure of non-binary and transgender identities who
might choose the singular pronoun they” (Ghosh
and Caliskan, 2023, p. 906), at a time when af-
firmation of gender-diversity is key, especially for
audiovisual translation (Lardelli et al., 2025).

2 Related Research

2.1 Gender-inclusive audiovisual translation

GLAAD’s annual Where We Are on TV report
documents 489 LGBT+ characters across U.S.
television in 2024-2025 (GLAAD, 2024), mark-
ing a substantial increase from the 46 characters

recorded in the first edition (2006), with stream-
ing platforms identified as the primary driver of
this growth. The expansion of global streaming
has fundamentally transformed audiovisual trans-
lation practices. Commercial streaming platforms
distribute content simultaneously across multiple
territories, which requires fast and large-scale lo-
calization workflows that increasingly rely on ma-
chine translation and automated subtitling sys-
tems (Karakanta, 2022). While these technologies
improve efficiency, they also introduce risks for
linguistic and sociocultural fidelity. This is par-
ticularly evident in the translation of genderqueer
language, where target languages may present lin-
guistic constraints or lack established conventions
for gender-sensitive pronoun usage. Moreover,
perception studies suggest that fully automated
subtitles without human intervention can nega-
tively affect viewer comprehension, engagement
and perceived quality (Guerberof-Arenas et al.,
2024).

While singular they has been used in English
since the 13th - 14th century as a gender-indefinite
form, its more recent adoption as a marker of
non-binary identity reflects evolving usage within
queer communities (Konnelly and Cowper, 2020;
Nabila et al., 2021). Researchers have argued that
accurately representing the linguistic choices made
by a character in another language is a form of
social justice in translation, and that translators
should be members of the queer community to por-
tray such characters accurately in other languages
(Attig, 2023). Translators have two main strategies
to handle non-binarity: the use of Indirect Non-
binary Language (INL), where gendered terms are
avoided by using existing linguistic strategies (e.g.,
a specific word like girl can be replaced by the
more general child, passives can be used to avoid
gender marking), and Direct Non-binary Language
(DNL), where innovative linguistic strategies and
pronouns are used to make non-binary gender
identities explicitly visible (Lopez, 2022). While
INL may be less controversial for mainstream au-
diences, it can obscure or erase non-binary identi-
ties, which runs against the goal of increasing the
visibility of diverse identities (Lopez, 2022). Re-
search explored the representations of non-binary
gender identities in audiovisual translation® and
concluded that translation strategies are language-
2Both subtitles and dubbing were analyzed for One Day at a

Time, Sex Education, Heartbreak High, and Degrassi: Next
Class.



dependent and inconsistent. The analysis showed
that non-binary representation in AVT often de-
faults to avoidance strategies or masculine gener-
ics, highlighting the “need for cross-linguistic
collaboration and documentation of community-
preferred terms” (Lardelli et al., 2025, p. 59).
These sociolinguistic complexities involved in
gender-inclusive translation make it a particularly
challenging task for machine translation (Lardelli
and Gromann, 2025). The limited work on ma-
chine translation of non-binary and/or gender-
neutral pronouns in general (not limited to AVT)
shows that MT does not handle this task well.
When translating the English pronoun they/their
into languages with binary gendered pronouns,
commercial MT systems were shown to mistrans-
late 35% of instances into binary masculine or
feminine pronouns in French, German, Italian and
Danish (Lauscher et al., 2023), and to mistrans-
late into plural and other grammatically inconsis-
tent ways for Greek (Gkovedarou et al., 2025).
Even when translating from English into Bengali, a
language with gender-neutral pronouns, ChatGPT
was shown to consistently mistranslate they into
plural pronouns (Ghosh and Caliskan, 2023).

2.2 Gender-inclusive pronouns in Dutch

Dutch is a West Germanic language which orig-
inally had three grammatical genders (mascu-
line/feminine/neuter), but is currently evolving to a
common/neuter gender system. Research suggests
that younger people are more likely to embrace
this language change: there is evidence of an age
effect in pronominal gender shift in Netherlandic
Dutch (Doreleijers et al., 2025), and younger peo-
ple are generally more aware of the existence of
and the need of gender-neutral pronouns (Verhae-
gen et al., 2025). In contrast with English, where
the pronoun they is now a familiar gender-inclusive
pronoun, gender-neutral pronouns (for generic ref-
erence as well as for non-binary reference) are
emerging in Dutch, but these are not formally stan-
dardized (Van Hoof and Decock, 2026). While
Dutch as used in the Netherlands and in Flanders
(Belgium) is largely mutually intelligible, regional
variation exists in terminology related to gender
identity (Audring, 2006; De Vos et al., 2021).

The gender-neutral pronouns currently most in
use are die/hen (subject form), die/hen (non-
subject form) and diens/hun (possessive form).
These pronouns were not newly coined but al-

ready occurred naturally in the Dutch language as
demonstrative or relative pronouns, or as the non-
subject form of the plural pronoun ze/zij. Not all
available pronouns for non-binary reference are
equally accepted or used by Dutch-speaking peo-
ple. Studies have shown regional variations as well
as age and gender effects in terms of acceptability
and ease of use (Doreleijers et al., 2025; De Vos et
al., 2021). Most research to date suggests that peo-
ple prefer to use the pronouns in the grammatical
positions they already naturally occur in (e.g., die
instead of hen in subject position), both for non-
binary reference (Vriesendorp, 2024) and generic
reference (Verhaegen et al., 2025). Although nei-
ther the combination die/hen/hun or hen/hen/hun
when used to refer to a non-binary person was
shown to impact text comprehensibility, hen in
subject position was perceived as more awkward
and led to a lower text appreciation, unless readers
were made explicitly aware of the fact that the per-
son was non-binary and used non-binary pronouns
(Decock et al., 2024).

3 Methodology

This case study focuses on the pronouns used in
reference to the non-binary character Cal in the
Netflix show Sex Education and how these pro-
nouns are translated to Dutch. The character ap-
pears in Seasons 3 and 4 and uses they/them pro-
nouns in English. The series was selected for its in-
clusion of non-binary characters and the resulting
frequent use of non-binary pronouns in naturalis-
tic dialogue. Its popularity and critical recognition
further motivated this choice, as the series’ wide
distribution ensures the availability of professional
subtitles, which enables comparison between hu-
man translations and machine-generated output.

3.1 Pronoun Identification

To determine the pronoun forms included in the
audience perception study, we first identified the
range of non-binary English they forms in the
source material and their corresponding Dutch
translations in Netflix subtitles and produced by
an MT system. We focused on instances of non-
binary they in subject, object/prepositional, pos-
sessive and reflexive positions across both seasons
(see Figure 1 for the overall distribution). Sub-
sequently, we annotated the translation strategies
used by the Dutch human translators. For subject
position they (N = 19), two strategies were identi-



mthey wmthem wmtheir m=themself/-ves

Figure 1: Distribution of English non-binary they forms in
the source material across both seasons, distinguishing sub-
ject (they), object/prepositional (them), possessive (their) and
reflexive (themselves) occurrences.

fied: die and hen. For object/prepositional them (N
= 10), the predominant translation was hen, with
hun occurring in two instances. The possessive
form their (N = 5) was consistently translated as
hun and the reflexive form themself (N = 2) was
rendered as zichzelf.

As a next step, the subtitles were translated us-
ing ModernMT Lite as integrated within Matecat>.
Matecat was chosen over automatic subtitling tools
(e.g., MateSub), as time coding and line segmen-
tation were not central to our analysis and ASR-
related issues were not within the scope of this
study.

The results of the human translations (HT) of
non-binary pronouns and their MT counterparts
are presented in Table 1. The MT system pre-
dominantly translates the English non-binary pro-
nouns they, them and their into plural forms in
Dutch. This is reflected in the frequent rendering
of subject (they) and object/prepositional (them)
pronouns as the Dutch plural forms ze or zij, ac-
companied by plural verb forms. Of the ten ob-
ject pronoun instances identified, three were trans-
lated as hen, which has been documented as a non-
binary pronoun for Dutch, but is also the object
form of the plural pronoun. Similarly, the posses-
sive pronoun their was translated as hun, which -
in Dutch - functions as the possessive form of the
plural pronoun as well as a potential non-binary
pronoun.

In sum, while the human translations of non-
binary they predominantly (81%) result in Di-
rect Non-binary Language (DNL), seven instances

3MT output generated in April, 2025

they  them  their  themself  Strat.
NL - human translation
hen 12 4 0 0
hun 0 4 3 0 DNL
die 4 2 0 0
Czich(zelf) 0 0o o 2T T
o 30 2 0 INL
NL - machine translation
hen 0 3 0 0
hun 0 0 4 0 DNL
die 0 0 0 0
U zich(zelf) 0 0o o 2T
& 0 1 0 0 INL
" ze (plural) 19 6 1 0 T MIST

Table 1: Distribution of Dutch renderings of English non-
binary singular they in human and machine translations, cat-
egorized by translation strategy: direct non-binary language
(DNL), indirect non-binary language (INL) and mistransla-
tion (MIS).

(19%) can be classified as Indirect Non-binary
Language (INL). This category includes the reflex-
ive pronoun zich(zelf), which can refer to both sin-
gular and plural antecedents, as well as cases of
rephrasing and pronoun omission. Our qualitative
analysis of the MT output shows that the system
systematically renders non-binary they as a plu-
ral pronoun - even in object and possessive forms,
which is not appropriate in this context.

3.2 Audience Perception Study

The present study is guided by research questions
focused primarily on audience reactions to subti-
tles containing non-binary references, without par-
ticipants being aware of the translation modality
(human versus MT). For this audience perception
study, a fragment of approximately 90 seconds
(54:38-56:04) was selected from Sex Education
season 4, episode 6, during which Nicky, mother of
the non-binary character (Cal), calls a radio show
to explicitly ask for advice on their relationship.
This specific fragment was chosen as it is rela-
tively stand-alone (even someone unfamiliar with
the show can understand what is going on) and it
contains ten instances of the non-binary pronoun in
English (six in the subject position, three in the ob-
ject/prepositional position, and one reflexive pro-
noun), making it suitable to observe audience re-
sponses to specific pronoun strategies. The frag-
ment does not contain any possessive pronouns,
but given that these were found to always be trans-
lated as hun (cf. Section 3.1), regardless of the
origin (HT versus MT), we do not believe this im-



pacts the results.

We created three subtitled versions of this frag-
ment with different pronoun translation strategies:
two based on the different potential human trans-
lation strategies (hen/hen/hun and die/hen/hun)
and one based on the machine translation output
(ze/hen/hun as plural pronouns with plural verbs).
All other text was kept constant across conditions.

An online survey was created and distributed
via Qualtrics (Provo, UT). The survey consisted of
three main sections: one to collect relevant back-
ground information on participants (age, gender,
language background, queerness, familiarity with
non-binary people, attitude towards non-binary
people), a second containing the video fragment
and questions related to the subtitles (participants
were randomly assigned one of the three subtitle
versions and were asked to judge the overall com-
prehensibility and quality of the subtitles as well as
the appropriateness and clarity of the specific pro-
noun strategy used to refer to the non-binary char-
acter), and a third to collect information on par-
ticipants’ overall familiarity with and attitude to-
wards the different non-binary pronoun strategies
for Dutch, as well as their attitude towards gender-
inclusive language in general. The survey design
was inspired by previous work on Dutch (Decock
et al., 2024), with minor adjustments based on the
specifics of the present study - see Appendix A for
the relevant questions.

Participants were reached via convenience sam-
pling: the survey was shared with the professional
and personal network of the authors via social me-
dia channels (LinkedIn, BlueSky, Instagram, Face-
book and WhatsApp). The survey ran from the 8th
until the 16th of May, 2025.

4 Analysis

4.1 Participants and demographics

The survey received 124 individual responses,
which were manually reviewed before inclusion
in the experimental corpus. After filtering (i.e.,
removing incomplete submissions and responses
with incorrect answers to the sanity check ques-
tion), 77 responses were retained for further anal-
ysis. We mostly reached younger people: 28 par-
ticipants were aged 18-24, 26 were aged 25-35,
and 23 were aged 36 and above. Within the lat-
ter group, two participants were aged 36-45, nine
were aged 46-55, ten were aged 56—65 and two
were aged 65+.

Women were more strongly represented (N =
46) than other gender groups (23 men, six ‘other’,
and two who preferred not to disclose their gen-
der). Most participants (87%), regardless of gen-
der or age group, were familiar with non-binary
people, either through personal connections or me-
dia exposure. The majority were also aware of
the existing Dutch pronoun strategies for gender-
inclusive language: only five participants indicated
that they did not know any such pronouns, while
61 were familiar with die, 60 with hen, and 22 with
ze. In total, 27 participants identified as queer and
two indicated that they were unsure. Queer par-
ticipants in the sample were mostly younger (24
were aged 18-35) and were less likely to identify as
male. Specifically, 18 queer participants identified
as women, two as men, and seven as non-binary or
preferred not to disclose their gender.

4.2 Acceptability of non-binary pronouns for
Dutch (RQ1)

To address the first research question (which pro-
nouns are seen as acceptable non-binary pronouns
in Dutch?), two types of analyses were conducted.
First, a Friedman test was used to assess the over-
all differences in ranking of die, hen and zij. Sec-
ond, three Wilcoxon signed-rank tests were per-
formed to examine pairwise differences between
the pronouns. To investigate whether acceptability
scores were influenced by additional factors, we
subsequently built a series of linear mixed-effects
models using the 1me4 (Bates et al., 2015) and
ImerTest (Kuznetsova et al., 2017) packages in
RStudio (R Core Team, 2024). In all models,
acceptability score was included as the dependent
variable, with participant ID specified as a ran-
dom intercept. The main fixed effect was strategy
(die, hen, zij). We then fitted separate models that
each included one additional predictor (age, gen-
der, queerness, familiarity with non-binary people,
attitude towards non-binary people, and attitude
towards gender-fair language), with and without an
interaction effect, using the anova () function to
compare nested models via likelihood ratio tests.

4.3 Audience perception (RQ2-3)

For the analyses addressing RQ2 and RQ3, which
focus on audience responses to the subtitled frag-
ment, additional corpus quality checks were per-
formed. Responses were excluded if participants
had indicated that they had not read the subtitles
or if they had been unable to recall the English



and Dutch pronoun strategies used in the fragment
they viewed. Of the 60 participants who correctly
remembered the English strategy, only 46 also ac-
curately recalled the Dutch pronoun strategy; only
these responses were retained for further analysis.
Of the 24 participants who viewed the hen subti-
tles, 23 correctly remembered this strategy, com-
pared to 13 out of 19 for die, and 10 out of 17 for
ze.

The analysis covers questions in which respon-
dents evaluated (i) the overall quality of the sub-
titles in the fragment they viewed (RQ2) and (ii)
the suitability of the translation of non-binary they
(and its variants) in the subtitles (RQ3). These
measures are hereafter referred to as subtitle qual-
ity and translation strategy score, respectively.

To enable statistical analysis and generalization
of the responses, a series of one-way ANOVA
tests was conducted. These analyses compared
the mean scores assigned to the three Dutch vari-
ants - die, hen and ze - across three dimensions:
comprehensibility (i.e., whether the subtitles are
easy to understand and support comprehension
of the dialogue), acceptability (i.e., whether the
subtitles are perceived as appropriate and natural)
and quality (i.e., whether the subtitles are consid-
ered high-quality translations, including how ade-
quately non-binary identity is conveyed).

5 Results
5.1 Acceptability of non-binary pronouns for
Dutch (RQ1)
Comparison Friedman Wilcoxon
Overall x> =30.155 n/a
(die/hen/zij)* df =2 n/a
p =2.83x107 n/a
n/a T,=543.5
die - hen n/a T.=359.5
n/a Z =-1.163
n/a p=0.24
”””””””””” na L=
e n/a T =269
die - zij n/a 7 =422
n/a p =2.45%x10
”””””””””” na T =1765
% n/a T.=1048.5
2ij - hen n/a 7 = -4.369
n/a p = 1.25x107

Table 2: Friedman test with post-hoc Wilcoxon comparisons.
Comparisons showing highly significant (p < 0.001) differ-
ences are indicated with an asterisk (*).

Table 2 shows the results of both the Friedman
test and the post-hoc Wilcoxon comparisons. The
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Figure 2: Interaction effect between translation strategy and
age group for overall acceptability score.

Friedman test was based on 77 observations (N =
77). In 53 cases (= 69%), at least two pronouns
received identical rank scores, indicating limited
variability in some responses. Despite this, the
test revealed a statistically significant difference
among die, hen, and zij (p < 0.001), suggesting
that the pronouns were not ranked equally across
conditions and that participants showed systematic
preferences.

Three post-hoc Wilcoxon signed-rank tests fur-
ther clarified these differences. Significant differ-
ences were found for the comparisons die - zij and
zij - hen. The direction of the effects can be in-
ferred from the 7T values: T, indicates that the
first pronoun in the comparison tends to receive
higher scores than the second. Based on this, die
is ranked higher than both hern and zij, with a more
pronounced difference for the die—zij comparison.
In addition, hen is generally ranked higher than zij,
a difference that is relatively strong (Z = -4.37).

The ranking results were confirmed and fur-
ther supplemented by linear mixed-effects mod-
els. Compared to an intercept-only model, strat-
egy was a significant predictor of the score (y? =
29.94, p < .001), with the zij strategy receiving
significantly lower scores than die (an estimated
reduction in score of 1.41 +/- 0.26 standard er-
rors). Individually adding any of the other poten-
tial predictors (age, gender, queerness, awareness
of non-binary people, attitude towards non-binary
people, attitude towards gender-fair language) sig-
nificantly improved the model fit . Additionally,
significant interaction effects were found between
translation strategy and age group (Figure 2), be-
tween translation strategy and awareness of non-
binary people (Figure 3), and between transla-
tion strategy and attitudes towards gender-fair lan-
guage. For an overview of all model comparisons,
see Table 6 in Appendix B.
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Figure 3: Interaction effect between translation strategy
and awareness of non-binary people for overall acceptability
score.

As can be derived from the model summary in
Table 7, zij and, to a lesser extent, hen received
significantly lower acceptability scores than die.
Participants aged 36 and above gave significantly
lower scores overall. However, the model also in-
dicates an interaction between age group and strat-
egy: compared to younger participants (18-24),
participants in the 36+ group showed higher rat-
ings for hen and zij.

The model summaries in Table 8 and Table 9
confirm that zij is the least preferred strategy, re-
ceiving significantly lower scores than die, and ad-
ditionally shows that men give significantly lower
scores than women, whereas queer participants
give significantly higher scores than non-queer
participants. When taking the interaction effect
with awareness of non-binary people into account,
however (see Table 10 and Figure 3), the main ef-
fect of strategy is no longer significant. Partic-
ipants who are aware of non-binary people give
higher scores overall, but they rate both the hen
and the zij strategy significantly lower than the die
strategy compared to participants who are unaware
of non-binary people.

The best performing model overall consisted
of strategy, attitude towards gender-fair language,
and attitude towards non-binary people as main
predictors, with interaction effect between strategy
and attitude towards gender-fair language. This
suggests that the scores people assign to specific
strategies depend more strongly on their attitudes
towards gender-fair language than on demographic
variables. An alternative explanation could be
that attitudes towards gender-fair language are al-
ready partially dependent on demographic vari-
ables: participants in the 18-24 age group had a
slightly more positive attitude on average (5.73)
than participants in the 25-35 age group (5.66)
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Figure 4: Interaction effect between strategy and attitude to-
wards gender-fair language.

Estimate Std.Error df tvalue Pr(>|t|)

(Intercept) -0.818 0.887 17528 -0.922 0.358
STRATEGYHEN 0.639 0.998 150 0.641 0.523
STRATEGYZIJ 1.656 0.998 150 1.659 0.099
LANGUAGEATT 0.617 0.174 153.05 3.552 <0.001
NB_ATT 0.318 0.130 74 2.437 0.017
STRATEGYHEN:LANGUAGE_ATT -0.173 0.178 150 -0.972 0.332
STRATEGYZIJ:LANGUAGE_ATT -0.566 0.178 150 -3.183 0.002

Table 3: Model summary with strategy, GFL attitude, and
attitude towards non-binary people with interaction effect for
strategy and GFL as predictors. Reference point (intercept) is
the estimate for ‘die’ at hypothetical GFL score 0.

and participants in the 36+ group (4.78); gender-
diverse participants had more positive attitudes on
average (6.8) than did female (5.6) or male par-
ticipants (4.7); Queer participants had more posi-
tive attitudes on average (6.5) than did non-queer
participants (4.8); participants aware of the exis-
tence of non-binary people also had more positive
attitudes on average (5.7) than did unaware partic-
ipants (3.7). The complete model summary can
be seen in Table 3. This shows that people with
a more positive attitude towards gender-fair lan-
guage and a more positive attitude towards non-
binary people provided significantly higher scores
overall, but that people with more positive attitudes
towards gender-fair language rated the zij strategy
significantly lower than die compared to people
with more negative attitudes towards gender-fair
language (see Figure 4 for a visualisation of the
interaction effect).

5.2 Audience perception (RQ2-3)

A strong positive correlation was found between
overall subtitle quality scores and acceptability rat-
ings for non-binary reference (r(44) = 0.73, p <
0.001), indicating that viewers’ evaluation of the
pronoun strategy is closely associated with their
overall viewing experience. However, this relation
is not observed across the experimental conditions
(infra).

Tables 4 and 5 present the mean scores for die,



hen, and zij, showing that die consistently received
the highest ratings for both overall subtitle quality
and strategy evaluations. Additionally, its variance
is lowest for most measures (except acceptability),
which suggests greater agreement among partici-
pants.

die hen zij
Comprehens.  4.795(0.121)  4.449(0.622)  4.267 (0.662)
Acceptability  4.385 (0.376) 3.609 (1.22) 3.7 (1.718)
Quality 4.538 (0.436) 3.652 (1.6) 3.9 (1.433)

Table 4: Subtitle quality scores for the pronouns die, hen and
zij (averages with variance in parentheses).

die hen Zij
Comprehens.  4.462 (0.603) 4.304 (1.13) 4.1 (0.767)
Acceptability  4.103 (1.229)  3.768 (1.004)  3.533 (1.19)
Quality 4.442 (0.793) 3.815(0.842) 3.6 (1.142)

Table S: Translation strategy scores for the pronouns die, hen
and zij (averages with variance in parentheses).

A one-way ANOVA showed no statistically
significant differences in overall subtitle quality
scores between the three conditions (F'(2, 43) =
2.81, p =0.07), although the result suggests a pos-
sible trend. Similarly, no statistically significant
differences were found in translation strategy rat-
ings across conditions (F'(2, 43) = 2.03, p =0.14).

These findings suggest that while individual
evaluations of pronoun strategies are strongly
linked to perceived subtitle quality, the specific
strategy presented in the experiments (die, hen or
zij) did not show clear differences in participants’
overall viewing experience, which contrasts with
earlier analyses showing a general preference for
die and hen over zij in Dutch. While this could in-
dicate that there is a difference between people’s
explicit attitudes and their actual viewing experi-
ence, it must be noted that the analysis is based on
a limited number of data points (N = 13 for die, N
= 23 for hen, N = 10 for zij).

6 Discussion & Conclusion

With the increased availability of LGBT+ con-
tent via streaming services (Yuan et al., 2025)
comes increased translator responsibility to accu-
rately portray the social and linguistic diversity of
all characters (Attig, 2023; Lardelli et al., 2025).
While there is an industry push towards increased
automation (Karakanta, 2022), machine transla-
tion might not be suitable to accurately translate

10

non-binary language (Savoldi et al., 2025; Hack-
enbuchner et al., 2025).

In this study, we focused on the translation of
the pronouns they/them/their as used by a non-
binary character, Cal, in the Netflix series Sex Ed-
ucation. We studied the audience perceptions of
different pronoun strategies: those used by Dutch
human translators (die/hen/hun and hen/hen/hun),
and those generated by MT (plural ze/hen/hun with
plural verb forms).

When exploring participant attitudes towards
those three different strategies in general, our find-
ings confirm earlier findings for Dutch (Van Hoof
and Decock, 2026) that the die strategy was con-
sidered the best strategy, followed bij hen. We ad-
ditionally empirically verified that MT mistransla-
tion into the plural zij, as recently documented for
Dutch (Hackenbuchner et al., 2025), is seen as the
least acceptable referential strategy, despite plural
translations being a documented acceptable strat-
egy for gender-inclusive Dutch in a generic refer-
ence context (Verhaegen et al., 2025). This dif-
ference in acceptability was most outspoken for
younger participants (18-24 year olds), partici-
pants who were familiar with non-binary people,
and participants who had a more positive attitude
towards gender-fair language in general. Partici-
pants older than 36 actually rated hen somewhat
higher than both die and zij.

When examining participants’ attitudes towards
specific pronoun strategies after exposure in sub-
titles, no statistically significant differences were
found between the three strategies (die, hen, zij),
although this is likely due to limited number of
valid observations (as quite a few participants ei-
ther indicated they did not read the subtitles or did
not recall the Dutch pronoun strategy used). As
more participants could remember seeing the hen
strategy than any of the other strategies, our find-
ings support the claim that sen is a more salient
strategy than die (Decock et al., 2024). Looking at
the data descriptively, we found that die received
highest scores across all dimensions (comprehen-
sibility, quality and acceptability), both when judg-
ing the subtitle quality in general and when judg-
ing the suitability of reference to the non-binary
character. Differences between hen and zij were
less outspoken, although zij scored lowest in terms
of suitability. Given that the perceived suitabil-
ity of the pronoun strategy and the overall subti-
tle quality were found to be strongly correlated,



we suggest caution in relying on ‘classic’ MT for
this task, adding our voice to previously made calls
for community-informed approaches in audiovi-
sual translation (Attig, 2023; Lardelli et al., 2025)
and gender-fair MT (Lardelli and Gromann, 2025).
Contributing to the limited body of Dutch recep-
tion studies (of non-binary pronouns)(Decock et
al., 2024; Vriesendorp, 2024; Vos and Nutters,
2022), our study found die to be the least contro-
versial strategy for non-binary reference, even in
an audiovisual context.
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Appendix

A) Survey questions
Familiarity with non-binary people

Q: Ken je één of meer non-binaire personen?
(Je mag meerdere opties aanduiden) - EN: Do you
know one or more non-binary people? (More than

one answer possible)
A:

*Ja, in mijn directe omgeving (fami-
lie/vrienden). - EN: Yes, in my direct
environment (family/friends).

e Ja, via werk/school, of via kennissen, via
vrienden van vrienden. - EN: Yes, via
work/school or via acquaintances, via friends
of friends.

¢ Ja, via de media (tv, krant, sociale media,..).
- EN: Yes, via media (tv, newspapers, social
media, etc.).

* Nee, niet dat ik weet. - EN: Not as far as I'm
aware.

Attitude towards non-binary people

For this score, an average was made of three
Likert-scale items from 1 (strongly disagree) to 7
(strongly agree).

* Onze maatschappij zou er goed aan doen
om non-binaire personen als normaal te
beschouwen. - EN: Non-binary people should
be seen as normal in our society.

* Non-binaire personen zouden volledig aan-
vaard moeten worden in onze maatschappij. -
EN: Non-binary people should be completely
accepted in our society.

* Er is niets mis met het hebben van een non-
binaire genderidentiteit. - EN: There is noth-
ing wrong with having a non-binary gender

identity.

Overall subtitle evaluation

Q: Geef aan in hoeverre je akkoord gaat met
de volgende stellingen over het fragment dat je
net bekeken hebt, op een schaal van 1 (niet akko-
ord) tot 5 (akkoord). Er zijn geen goede of foute
antwoorden: het gaat alleen om jouw inschatting.
- EN: Indicate to what extent you agree with the
following statements about the fragment you just
watched, on a scale from I (disagree) to 5 (agree).
There are no right or wrong answers: your per-
sonal intuition is what matters.

* Comprehensibility

— Ik begreep meteen alles wat er in de on-
dertitels stond. - EN: I immediately un-
derstood everything in the subtitles.

— Ik vind dat de ondertitels de boodschap
goed hebben overgebracht. - EN: The
subtitles accurately conveyed the mes-
sage.

— Al bij al was de vertaling gemakkelijk te
begrijpen. - EN: All in all, the transla-
tion was easy to comprehend.

* Acceptability

— Niet alle ondertitels vond ik meteen
duidelijk. - EN: Not all subtitles were
clear right away. - reverse-coded in
analysis

— De ondertitels waren aangenaam om te
lezen. - EN: The subtitles were pleasant
to read.
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— De taal die werd gebruikt, voelde natu-
urlijk aan. - EN: The language used felt
natural.

Sommige uitdrukkingen in de onderti-
tels kwamen omslachtig of verwarrend
over. - EN: Some expressions used in
the subtitles felt vague or confusing. -
reverse-coded in analysis

Ik vind de ondertiteling geschikt voor
een breed publiek. - EN: The subtitles
are suitable for the general public.

* Quality

— Er leken geen fouten in de ondertitels te
staan. - EN: The subtitles seemed to be
free of errors.

Translation strategy evaluation

Q: Geef aan in hoeverre je akkoord gaat met
de volgende stellingen over het fragment dat je
net bekeken hebt, op een schaal van 1 (niet akko-
ord) tot 5 (akkoord). Er zijn geen goede of foute
antwoorden: het gaat alleen om jouw inschatting.
- EN: Indicate to what extent you agree with the
following statements about the fragment you just
watched, on a scale from I (disagree) to 5 (agree).
There are no right or wrong answers: your per-
sonal intuition is what matters.

* Comprehensibility

— De woorden die in de ondertitels ge-
bruikt worden om naar Cal te verwijzen,
hadden geen invloed op mijn begrip. -
EN: The words used in the subtitles to re-
fer to Cal did not impact my understand-

ing.

* Acceptability (all items reverse-coded for
analysis)

— Sommige woorden die in de ondertitels
gebruikt worden om naar Cal te verwi-
jzen, wekten irritatie bij me op. - EN:
Some words used in the subtitles to refer
to Cal were irritating.

— Sommige woorden die in de ondertitels
gebruikt worden om naar Cal te verwi-
jzen, vond ik vreemd. - EN: Some words
used in the subtitles to refer to Cal were
strange.
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— Sommige woorden die in de ondertitels
gebruikt worden om naar Cal te verwi-
jzen vond ik verrassend. - EN: Some
words used in the subtitles to refer to Cal
were Surprising.

* Quality

— De woorden die in de ondertitels ge-
bruikt worden om naar Cal te verwijzen
vond ik goed gekozen. - EN: The words
used in the subtitles to refer to Cal were
well-chosen.

De woorden die in de ondertiteling ge-
bruikt worden om naar Cal te verwijzen,
vond ik gepast. - EN: The words used in
the subtitles to refer to Cal were suitable.
De ondertitels hielpen me om de iden-
titeit van Cal te kunnen schetsen. - EN:
The subtitles helped me get an idea of
Cal’s identity.

Ik vind dat de vertaalkeuze in de onder-
titeling de identiteit van Cal respecteert.
EN: The translation choices in the subti-
tles respect Cal’s identity.

Familiarity with non-binary pronoun strategies

Q: Welk Nederlandstalig genderneutraal voor-
naamwoord van de derde persoon enkelvoud kende
je al voor je aan dit onderzoek deelnam? (Je
mag meerdere opties aanduiden) - EN: Which
Dutch gender-neutral third-person singular pro-
noun were you familiar with before participating
in this study? (Multiple options possible)

A:

¢ Ik kende het genderneutrale voornaamwoord
‘hen’ (met bezitsvorm ‘hun’). - EN: I was fa-
miliar with the gender-neutral pronoun ‘hen’
(with possessive form ‘hun’).

Ik kende het genderneutrale voornaamwoord
‘die’ (met bezitsvorm ‘hun’). - EN: I was fa-
miliar with the gender-neutral pronoun ‘die’
(with possessive form ‘hun’).

Ik kende het genderneutrale voornaamwoord
‘ze/zij’ (met bezitsvorm ‘hun’). - EN: [
was familiar with the gender-neutral pronoun
‘ze/Zij’ (with possessive form ‘hun’).

Ik kende geen van deze genderneutrale voor-
naamwoorden. - EN: I was not familiar with
any of these gender-neutral pronouns.



* Ander, namelijk... - EN: Other, please spec-
ify.
Attitude towards non-binary pronoun
strategies

Participants had to indicate to what extent they
agreed with the following statements, on a Lik-
ert scale from 1 (strongly disagree) to 7 (strongly
agree):

e Ik vind ‘hen’ (met bezitsvorm ‘hun’) een
geschikt voornaamwoord van de derde per-
soon enkelvoud om specifick naar non-
binaire personen te verwijzen. - EN: [ think
‘hen’ (with possessive form ‘hun’) is a suit-
able third-person singular pronoun for spe-
cific reference to non-binary people.

Ik vind ‘die’ (met bezitsvorm ‘hun’) een
geschikt voornaamwoord van de derde per-
soon enkelvoud om specifick naar non-
binaire personen te verwijzen. - EN: I think
‘die’ (with possessive form ‘hun’) is a suit-
able third-person singular pronoun for spe-
cific reference to non-binary people.

Ik vind ‘ze/zij’ (met bezitsvorm ‘hun’) een
geschikt voornaamwoord van de derde per-
soon enkelvoud om specifick naar non-
binaire personen te verwijzen. - EN: [ think
‘ze/zij’ (with possessive form ‘hun’) is a suit-
able third-person singular pronoun for spe-
cific reference to non-binary people.

Attitude towards gender-fair language

For the score used in the analysis, the average
score was taken across the 11 statements.

Q: Hieronder volgen enkele stellingen. Het be-
grip ‘seksistische taal’ dat in sommige stellingen
gebruikt wordt, verwijst naar uitdrukkingen die
mensen uitsluiten, als minder belangrijk zien of
kleineren op basis van gender. Het begrip ‘gender-
inclusieve taal’ dat in sommige stellingen gebruikt
wordt, verwijst naar taalgebruik dat als doel heeft
om alle genderidentiteiten zichtbaar te maken of
alle genderidentiteiten op gelijke voet met elkaar
te behandelen. Geef aan in hoeverre je akkoord
gaat met de volgende stellingen op een schaal van
1 (helemaal niet akkoord) tot 7 (helemaal akko-
ord). - EN: You will read a few statements. ‘Sex-
ist language’ in this context refers to using gen-
dered expressions that exclude, trivialize or dimin-
ish a group of people based on gender. ‘Gender-
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inclusive language’ in this context refers to lan-
guage aimed at making all gender identities visi-
ble or treated equally. Please indicate to what ex-
tent you agree or disagree for each of the follow-
ing statements (1 = strongly disagree, 7 = strongly
agree).

We moeten de manier waarop de Neder-
landse taal traditioneel geschreven en gespro-
ken werd niet veranderen. - EN: We should
not change the way the Dutch language has
traditionally been written and spoken.
reverse-coded for analysis

Er bestaat niet zoiets als seksistische taal. -
EN: There is no such thing as sexist language
use. - reverse-coded for analysis

Zich zorgen maken over seksistische taal is
een triviale bezigheid. - EN: Worrying about
sexist language is a trivial activity. - reverse-
coded for analysis

Het is belangrijk om komaf te maken met sek-
sistische taal. - EN: The elimination of sexist
language is an important goal.

Seksistische taal houdt verband met de sek-
sistische behandeling van mensen in de
maatschappij. - EN: Sexist language is re-
lated to sexist treatment of people in society.

Hoewel verandering moeilijk is, zouden we
toch moeten proberen om seksistische taal te
bestrijden. - EN: Although change is diffi-
cult, we still should try to eliminate sexist lan-

guage.

Genderinclusieve taal gebruiken is belangrijk.
- EN: Using gender-inclusive language is im-
portant.

Door genderinclusieve taal te gebruiken on-
dersteunen we gendergelijkheid. - EN: Us-
ing gender-inclusive language supports gen-
der equality.

Ik sta positief tegenover genderinclusief taal-
gebruik. - EN: I have a positive attitude to-
wards gender-inclusive language.

Via genderinclusieve taal bestrijden we dis-
criminatie op basis van gender. - EN: Using
gender-inclusive language counters gender-
based discrimination



¢ Genderinclusieve taal (bv. via ondertitels)
maakt audiovisuele inhoud toegankelijker. -
EN: Gender-inclusive language (e.g., in sub-
titles) makes audiovisual content more acces-

sible.

B) Model comparison, interaction effects and
model summaries

MODEL AIC Df X2 p-value
Null 995.87 n/a n/a n/a
Strategy 96993 2 29.936 <0.001
Strategy + age group 964.01 2 9.925  0.007
Strategy * age group 957.06 4 14.949 0.005
Strategy + gender 967.39 3 8.539  0.036
Strategy * gender 967.50 6 11.898 0.064
Strategy + queerness 962.79 2 11.145 0.004
Strategy * queerness 962.51 4 8.279  0.082
Strategy + nb awareness 966.59 1 5.338  0.021
Strategy * nb awareness 959.73 2 10.86  0.004
Strategy + nb attitude 94797 1 23964 <0.001
Strategy * nb attitude 950.31 2 1.656  0.437
Strategy + GFL attitude 946.96 1 24976 <0.001
Strategy * GFL attitude 940.40 2 10.559 0.005
Strategy * GFL attitude + NB attitude 936.45 1 5943 0.015

Table 6: Model comparison for potential predictors of overall
acceptability score. Likelihood ratio tests were always per-
formed between minimally nested models: the model with 1
predictor (strategy) compared to a null model, models with 2
predictors compared to the model with only 1 predictor (strat-
egy), models with interaction effect (*) compared to the cor-
responding model without interaction effect (+).

Estimate Std.Error df tvalue Pr(>[t])
(Intercept) 5.607 0.378 171 14.849 <0.001
STRATEGYHEN -0.893 0.418 148 -2.134 0.034
STRATEGYZIJ -2.357 0.418 148 -5.634 <0.001
AGEGROUP25-35 -0.953 0.544 171 -1.752 0.082
AGEGROUP36+ -2.694 0.562 171 -4.791 <0.001
STRATEGYHEN:AGEGROUP25-35  0.278 0.603 148 0.46 0.646
STRATEGYZIJ:AGEGROUP25-35 0.780 0.603 148 1.294 0.198
STRATEGYHEN:AGEGROUP36+ 1.676 0.623 148 2.69 0.008
STRATEGYZI1J:AGEGROUP36+  2.270 0.623 148 3.644 <0.001

Table 7: Model summary of model with strategy and age with
interaction effect as predictors. Reference point (intercept) is
the estimate for ‘die’ for age group 18-24.

Estimate Std.Error df tvalue Pr(>|t])
(Intercept) 4.637 0.275 137.105 16.853 <0.001
STRATEGYHEN -0.299 0.261 152 -1.143 0.25
STRATEGYZI1J -1.416 0.261 152 -5.417 <0.001
GENDERmale -0.819 0.399 73 -2.055 0.04
GENDERother 1.101 0.677 73 1.626 0.11
GENDERprefer-not-to-say  0.101 1.127 73 0.09 0.93

Table 8: Model summary of model with strategy and gender
as predictors. Reference point (intercept) is the estimate for
‘die’ for gender=female.
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Estimate Std.Error df tvalue Pr(>|t))
(Intercept) 4.022 0.267 144.450 15.083 <0.001
STRATEGYHEN -0.299 0.261 152 -1.143 0.255
STRATEGYZ1) -1.416 0.261 152 -5.417 <0.001
QUEERnot-sure 1.382 1.1 74 1.257 0.213
QUEERYyes 1.203 0.367 74 3.282 0.002

Table 9: Model summary of model with strategy and queer-
ness as predictors. Reference point (intercept) is the estimate
for ‘die’ for queer=no.

Estimate Std.Error df tvalue Pr(>|t])
(Intercept) 22 0.642 170.818 3.425 <0.001
STRATEGYHEN 1.2 0.705 150 1.703 0.091
STRATEGYZIJ 0.7 0.705 150 0.993 0.322
NB_AWAREyes 2.621 0.689 170.818  3.806 <0.001
STRATEGYHEN:NB_AWAREyes -1.722 0.755 150 -2.28 0.024
STRATEGYZIJ:NB_AWAREyes  -2.431 0.755 150 -3.219 0.002

Table 10: Model summary of model with strategy and aware-
ness of non-binary people plus interaction effect as predic-
tors. Reference point (intercept) is the estimate for ‘die’ for
nb-aware=no.
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Abstract

The assessment of gender bias in Ma-
chine Translation critically depends on re-
liable methods for identifying grammati-
cal gender in system outputs. In this pa-
per, we compare the automated WinoMT
annotation pipeline, based on word align-
ment and morphological tagging, with
an instruction-tuned LLM (Qwen3-8B)
used to annotate grammatical gender in
English—Italian translations.  Both ap-
proaches achieve similar levels of agree-
ment with a human-annotated gold stan-
dard, but exhibit distinct systematic weak-
nesses. The WinoMT pipeline is sensitive
to alignment shifts and morphological tag-
ging limitations, often resulting in indeter-
minate gender labels. The LLM, in con-
trast, tends to favour binary gender labels
even when noun phrases are morphologi-
cally gender-invariant. A qualitative anal-
ysis of model outputs and reasoning traces
further suggests a lack of stable general-
ization of grammatical gender rules, even
when illustrative exemplars are provided
for in-context learning. This highlights im-
portant methodological limitations in us-
ing LLMs as objective annotators for gen-
der evaluation tasks.

1 Introduction

Interest in gender bias in Machine Translation
(MT) has grown substantially over the past decade
(Savoldi et al., 2025), reflecting broader con-

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
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cerns about systematic biases in Natural Lan-
guage Processing (NLP) systems (Sun et al., 2019;
Costa-jussa, 2019; Blodgett et al., 2020; Stanczak
and Augenstein, 2021) as well as specific cross-
linguistic challenges inherent to the translation
task. Translating from languages in which gen-
der is sparsely marked (e.g., English) into mor-
phologically richer ones (e.g., German, Italian or
Hindi) (Stahlberg et al., 2007; Ackerman, 2019;
Cao and Daumé III, 2020) often requires mak-
ing implicit gender information explicit in the tar-
get (Vanmassenhove et al., 2018; Vanmassenhove,
2024). This makes gender overt in the target lan-
guage, thereby exposing the extent to which model
outputs reflect statistical patterns (and potential bi-
ases) in the training data. As illustrated in Fig-
ure 1, even when gender information is available
in the context, MT systems tend to default to sta-

INPUT
The cook prepared a soup for the housekeeper because

he helped clean the room.

OuTPUT

Il cuoco ha preparato una zuppa per la governante
perché ha aiutato a pulire la stanza.

INPUT

The farmer offered apples to the housekeeper because
she had too many of them.

OUTPUT

Il contadino offri mele alla governante perché ne
aveva troppe.

Figure 1: EN—IT WinoMT translation examples defaulting
to la governante (fem.) and il contadino (masc.). Generated
by ChatGPT on September 29th, 2025.

Proceedings of the 4th Workshop on Gender-Inclusive Translation Technologies (GITT 2026), pages 16-30
June 15, 2026 ©2026 Association for Computational Linguistics



tistically dominant gender realizations, rendering
housekeeper as la governante ( fem. ) and farmer
as il contadino ( masc. ) in the Italian target.

At the same time, the field of MT has undergone
a rapid paradigm shift, transitioning from rule-
based systems to statistical and neural MT, and
more recently to Large Language Models (LLMs).
These developments have significantly improved
translation quality and established the new state-
of-the-art in MT (Kocmi et al., 2023; Zhu et al.,
2024; Kocmi et al., 2024; Deutsch et al., 2025).
Nonetheless, the increasing complexity of mod-
ern architectures has raised concerns for Al gov-
ernance regarding their opacity and biases.

While a substantial body of work has focused
on analysing MT outputs (Rescigno et al., 2020;
Ramesh et al., 2021; Rescigno and Monti, 2023)
and developing bias mitigation strategies (Van-
massenhove et al., 2018; Moryossef et al., 2019;
Habash et al., 2019; Hirasawa and Komachi, 2019;
Font and Costa-jussa, 2019; Zmigrod et al., 2019;
Saunders and Byrne, 2020; Vanmassenhove et al.,
2021; Sun et al., 2021; Piergentili et al., 2023),
significant effort has also been devoted to the de-
velopment of evaluation frameworks (Stanovsky et
al., 2019; Bentivogli et al., 2020; Levy et al., 2021;
Manna et al., 2026) that enable a systematic as-
sessment of gender bias and gender-related errors.
These frameworks generally compare translation
quality across gender conditions, analyse the dis-
tribution of gendered outputs in ambiguous con-
texts, or evaluate whether systems correctly disam-
biguate grammatical gender in unambiguous con-
texts.

Evaluation therefore depends not only on the
quality of the MT system itself, but also on the
reliability of the methods used to identify the re-
alized gender in the output. Many widely adopted
benchmarks rely on automatic pipelines, typically
involving techniques such as reference match-
ing, word alignment, and morphological analy-
sis. In this context, WinoMT (Stanovsky et al.,
2019) has become one of the most widely adopted
benchmarks for gender bias evaluation in MT, due
to the simplicity and scalability of its integrated
pipeline. By combining word alignment (e.g.,
fast_align (Dyer et al., 2013)) with morphologi-
cal analysis tools (e.g., spaCy (Honnibal et al.,
2020)), it enables (multilingual) gender annota-
tion without requiring manually constructed ref-
erences. However, because it relies on two inter-
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mediate processing steps, it inevitably introduces a
certain degree of noise (alignment or morphologi-
cal tagging errors) that can affect the automatic as-
sessment and thus the validity of the resulting gen-
der bias measurements. As an alternative, LLMs
have demonstrated great potential as high-level an-
notators for a range of linguistic tasks, includ-
ing the evaluation of gender-neutral rewriting in
MT (Piergentili et al., 2025). Nonetheless, their
employment strictly requires rigorous validation
against human-annotated gold standards to ensure
methodological integrity and validity (Pangakis et
al., 2023; Baumann et al., 2025).

To assess the reliability of automatic gender
annotation for gender bias evaluation in MT, we
compare these two alternative approaches — the
WinoMT evaluation pipeline and a state-of-the-art
instruction-tuned LLM — against human annota-
tions as gold standard. Specifically, we address the
following research questions (RQs).

[RQ1] To what extent do automatic gen-
der annotations produced by the WinoMT
pipeline agree with human annotations?

[RQ2] To what extent do automatic gender
annotations produced by an instruction-tuned
LLM agree with human annotations, and how
do they compare with the WinoMT pipeline?

2 Related Work
2.1 Gender Bias Evaluation in MT

Since 2019, a growing number of evaluation
frameworks have been proposed to systemati-
cally assess gender bias in MT, typically using
controlled or contrastive settings to analyse how
systems perform at gender disambiguation and
whether they default to statistically dominant, of-
ten masculine, forms.

Early work mostly relied on synthetic template-
based sentences. Among these, Cho et al. (2019)
and Prates et al. (2020) investigated the effect of
translating from genderless languages (e.g., Hun-
garian) or languages with gender-neutral pronomi-
nal systems (e.g., Korean) into English using min-
imal template-based sentences of the form /[pro-
noun] is a [profession]. In this setup, the realised
gender was inferred by manually or automatically



detecting gendered pronouns in the output (e.g.,

he vs. she ). Importantly, these templates pro-
vide no explicit contextual cues for gender at the
source level, meaning that any gender assignment
in the translation reflects how systems resolve in-
herently ambiguous inputs.

Subsequent work extended occupation-based
templates to grammatical gender languages. Es-
cudé Font et al. (2019), for instance, adopted
more complex templates in which the target gen-
der was recovered from morphologically inflected
noun phrases (e.g., amigo vs. amiga in Span-
ish). Across these approaches, gender annotation
relied on lexical or morphological matching pro-
cedures, often requiring language-specific rules to
detect gender-marked forms in the translated out-
put. Similarly, Stanovsky et al. (2019) introduced
WinoMT, a template-based benchmark designed
to evaluate gender bias when translating from En-
glish into eight grammatical gender languages, in-
cluding Italian. Compared to earlier template-
based approaches, WinoMT introduced more com-
plex (albeit still template-based) sentence struc-
tures containing two human entities and a gen-
dered pronoun to disambiguate the gender of the
correct referent, as illustrated in Figure 1. In
contrast to some of the earlier work (e.g., Cho
et al. (2019)), these contextual cues should en-
able evaluation of whether models follow contex-
tual evidence or still default to stereotypical asso-
ciations. Moreover, it introduced a unified gen-
der annotation pipeline based on word alignment
(e.g., fast_align (Dyer et al., 2013)) and automatic
morphological tagging (e.g., spaCy (Honnibal et
al., 2020)) to locate the target entity in the trans-
lation output and extract its gender. By remov-
ing the need for manually constructed references
and language-specific matching strategies, this de-
sign enabled, for the first time, scalable multilin-
gual evaluation, contributing to it becoming one
of the most widely adopted benchmarks as well
as a foundation for numerous extensions (Troles
and Schmid, 2021; Levy et al., 2021; Kappl, 2025;
Manna et al., 2025; Manna et al., 2026).

Alongside synthetic test sets, several studies
have opted for naturally occurring data for the as-
sessment of gender bias in MT (Vanmassenhove
et al., 2018; Elaraby and Monz, 2018; Moryossef
et al.,, 2019; Habash et al., 2019; Alhafni et al.,
2022; Bentivogli et al., 2020; Vanmassenhove and
Monti, 2021). In this context, MuST-SHE (Ben-
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tivogli et al., 2020) represents the first structured
multilingual benchmark (EN—{IT, ES, FR, DE}),
derived from TED talks data. Originally designed
to analyse translation quality across speaker and/or
referent gender in both ambiguous and unam-
biguous contexts, it was later adapted to explic-
itly measure gender accuracy by matching sys-
tem outputs against predefined gender realizations.
Nonetheless, as most of such frameworks, it re-
mains dependent on manually curated references
and language-specific matching strategies.

More recently, the WinoMT paradigm has been
extended to naturally occurring data through the
BUG corpus (Levy et al., 2021), by automatically
extracting English sentences linking role nouns
with gendered pronouns from sources such as
Wikipedia and PubMed. Because BUG preserves
the structural properties underlying WinoMT, gen-
der annotation can be performed using the same
automatic pipeline across multiple target lan-
guages, combining linguistic realism with cross-
lingual scalability. As a result, the WinoMT anno-
tation protocol has effectively become a predom-
inant approach for gender bias evaluation across
both synthetic and naturally occurring bench-
marks. However, the reliability of the underlying
pipeline has received limited attention.

Since gender annotation depends on two inter-
mediate automatic processing steps, errors may
arise at different stages of the pipeline, inevitably
introducing some degree of noise into the eval-
vation. In addition to alignment errors or mor-
phological tagging failures that may mischarac-
terise grammatical gender, there are cases in which
the pipeline fails to identify any grammatical gen-
der altogether. Such instances are assigned an
UNKNOWN label and treated as errors under the
standard WinoMT evaluation protocol (Stanovsky
et al., 2019). As reported by Manna et al. (2026),
these cases occur with non-negligible frequency
and may distort gender bias metrics as much as
incorrect gender labels, despite not necessarily re-
flecting genuine translation errors.

2.2 LLMs as High-level Annotators

Ultimately, the evaluation of gender bias in MT
depends on the quality and limitations of the (au-
tomatic) annotation procedure used to identify the
realized gender in translated outputs. In this con-
text, recent work has explored the use of LLMs
for data annotation in NLP (Pangakis et al., 2023;



Tan et al., 2024), automating complicated labelling
processes across various data types (Tan et al.,
2024).

While manual annotation is costly, slow, and
prone to human fatigue and interpretative shifts
(Pangakis et al., 2023; Nasution and Onan, 2024),
LLMs might offer a more cost-effective alterna-
tive capable of processing complex data using only
natural language instructions (Tornberg, 2024).
Moreover, they have been shown to rival or even
outperform traditional crowd-sourced workers in
both speed and inter-annotator agreement in many
text-annotation tasks (Gilardi et al., 2023; Pan-
gakis et al.,, 2023; Nasution and Onan, 2024;
Tornberg, 2024). However, their performance still
falls short of human experts (as opposed to crowd-
sourced workers) in domain-specific settings, indi-
cating that LLMs should not serve as substitutes
for expert annotators (Tseng et al., 2025).

Beyond simple text categorization, there is
growing interest for the “LLM-as-a-judge” frame-
work to automatically evaluate MT and Natural
Language Generation (NLG) (Gao et al., 2025;
Li et al., 2025), where LLM evaluators can help
overcome the limitations of traditional metrics that
rely strictly on n-gram overlap or statistical word
alignments (Gao et al.,, 2025). In the context
of gender in translation, recent studies show that
LLMs can serve as effective evaluators, partic-
ularly when reference translations are available,
and that their performance benefits from advanced
prompting strategies such as Chain-of-Thought
(CoT) prompting (Qian et al., 2024). For instance,
Piergentili et al. (2025) demonstrate that LLMs
can be successfully deployed to assess gender-
neutral translations, with performance improve-
ments under structured prompting. However, this
evidence comes from a relatively constrained set-
ting, in which a single phenomenon is annotated
and a sentence-level label is produced. Conse-
quently, it does not directly reflect the ability to
perform more fine-grained linguistic annotations.

As such, LLMs cannot be blindly assumed to
act as objective annotators (Baumann et al., 2025).
Their performance is highly dependent on the con-
ceptual difficulty of the task, the specific dataset,
and sensitive to the prompt design and task for-
mulation, which may introduce systematic biases
and variability in annotation outcomes (Pangakis
et al., 2023; Li et al., 2025). Therefore, the need
for rigorous validation of LLM-based annotations
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against human gold standards has been increas-
ingly emphasized in the literature (Pangakis et al.,
2023; Tornberg, 2024; Walshe et al., 2025).

3 Experimental Setup

We compare the WinoMT pipeline with an
instruction-tuned LLLM acting as high-level anno-
tator for grammatical gender in English-to-Italian
(EN—IT) translation, by evaluating the extent
to which each approach reproduces a human-
annotated ground truth. While this research is mo-
tivated by the social phenomenon of gender bias,
our specific task and gold standard strictly eval-
uate morphosyntactic (grammatical) gender. The
following subsections describe the data, models,
prompting configurations, and evaluation protocol
used to conduct this comparison.

3.1 Data

We base our experiments on the WinoMT chal-
lenge set (Stanovsky et al., 2019), which builds on
the Winogender (Rudinger et al., 2018) and Wino-
Bias schemas (Zhao et al., 2018). The dataset con-
sists of English sentences following a simple tem-
plate, in which an ungendered profession noun re-
ferring to a human entity (the target noun to be
translated) is linked via coreference to a gendered
pronoun (e.g., he or she ) that provides the gold
gender cue (see Figure 1).

The WinoMT consists of three subsets, pro-
stereotypical, anti-stereotypical, and a regu-
lar/neutral set. In this work, we focus on the
regular set, which counts 3,888 sentences bal-
anced across male and female referents (i.e.,
gender instantiated via pronouns). From this
set, we select a balanced sample of 500 in-
put sentences, ensuring that each profession is
equally represented across gold gender conditions
(i.e., he / she ) and stereotypical alignment (pro-
and anti-stereotypical). Because WinoMT does
not provide reference translations and is designed
to operate on the output of arbitrary MT sys-
tems, we generate translations using two models
(§3.2), which serve as input for both annotation ap-
proaches as well as our human validation.

3.2 Translation Setup

To generate our target sentences, we translate
the selected set of 500 English inputs into Italian
(EN—IT). This translation direction is particu-
larly relevant for gender bias evaluation in MT,



as gender is not marked in the English source
but is typically explicitly realized in the Italian
target, creating conditions under which biases
may emerge. At the same time, the relatively rich
and complex Italian morphology, characterized
by both overt gender marking and the presence
of gender-invariant (epicene) nouns, makes this
setting well-suited for evaluating the reliability of
automatic gender annotation methods.

We use two decoder-only models:

1. Llama2' (Touvron et al., 2023): a general-
purpose pretrained LLM, known for strong
zero-shot translation performance among
open-weight LLMs (Xu et al., 2024).

. TowerInstruct> (Alves et al., 2024): an
instruction-tuned multilingual model opti-
mized for translation tasks, built on top of
Llama?2 through (MT-specific) continued pre-
training and instruction tuning.

For both models, we select the 7B version,
which is both compatible with our computational
resources and representative of realistic MT de-
ployment scenarios.

Llama?2

Translate the following text from
English into Italian.

English: {source_sentence}
Italian: {generated-translation}
Towerlnstruct

<|im_start|> user

Translate the following text from
English into Italian.

English: {source_sentence}
Italian: <|im.end]|>

<|im_start|> assistant
{generated.translation}

Figure 2: Prompt templates used for the translation task.
Plain instruction format for Llama2, chat-style for TowerIn-
struct.

At this stage of the analysis, our objective is
not to optimize translation performance through
prompt engineering.  Therefore, we adopt a
zero-shot prompt format by reproducing the tem-
plate used for TowerlInstruct’s post-training?, and
"huggingface.co/meta-llama/Llama-2-7b-hf

*huggingface.co/Unbabel/TowerInstruct-7B-v0.2
*huggingface.co/datasets/Unbabel/TowerBlocks-v0.2
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provide a plain natural language equivalent for
Llama2 (see Fig. 2). More advanced prompting
strategies are instead explored in the LLM-based
annotation setup.

3.3 WinoMT Automatic Gender Annotation

The WinoMT evaluation framework relies on an
automatic gender annotation pipeline designed to
locate the target profession noun in the transla-
tion and extract its grammatical gender. To this
end, the pipeline consists of two intermediate pro-
cessing steps. First, word alignment is performed
using fast_align (Dyer et al., 2013), which estab-
lishes a mapping between the source sentence and
its translation in order to locate the word corre-
sponding to the English profession noun in the tar-
get. Second, morphological analysis is applied
using spaCy (Honnibal et al., 2020) to extract
the grammatical gender feature associated with
the aligned profession noun, resulting in one of
three labels for each sentence: MALE, FEMALE, or
UNKNOWN. The latter represents cases in which no
gender marking has been automatically identified,
for instance due to gender-invariant forms (e.g.,
I’assistente, [’autista in Italian), but also alignment
errors, morphological tagging failures, or transla-
tion variability (e.g., incoherent output or omission
of the target entity). For consistency, these labels
are mapped to the MASCULINE, FEMININE, and
UNKNOWN scheme used throughout our evaluation.

3.4 LLM-based Gender Annotation

As an alternative automatic approach, we explore
the use of an instruction-tuned LLM as high-level
annotator for grammatical gender. The model is
tasked with reproducing the same annotation pro-
cedure as the WinoMT pipeline, namely (i) lo-
cating the translated referent corresponding to the
English profession noun and (ii) identifying the
grammatical gender expressed in the correspond-
ing noun phrase.

For this task, we opt for Qwen3-8B (Yang et
al., 2025) for several reasons. First, we aim to
maintain an open and reproducible gender anno-
tation setup that could potentially serve as a scal-
able alternative to the WinoMT framework, mak-
ing open-source models preferable to proprietary
alternatives. Second, Qwen3 belongs to the fam-
ily of reasoning-oriented LLMs, which are specifi-
cally designed to perform structured, multi-step in-
ference (Besta et al., 2025). We therefore consider
it particularly suitable for our designed gender an-


https://huggingface.co/meta-llama/Llama-2-7b-hf
https://huggingface.co/Unbabel/TowerInstruct-7B-v0.2
https://huggingface.co/datasets/Unbabel/TowerBlocks-v0.2

notation task, which is explicitly decomposed into
two steps, as previously defined. This choice is
further supported by prior work reporting strong
performance of Qwen-family models, in particular
Qwen2.5, in similar gender evaluation tasks (Pier-
gentili et al., 2025).

Few-shot exemplars

Noun phrases like "il manager", "il
professore", "il direttore"

are MASCULINE.

Noun phrases like "la manager", "la

professoressa", "la direttrice"

are FEMININE.

Noun phrases like "1’assistente",
"1’ insegnante", "1l’auditor"
are UNKNOWN.

Figure 3: Few-shot exemplars used in the LLM-based anno-
tation prompt to illustrate masculine, feminine, and unknown
(gender-invariant) noun phrases. For each sentence, three ex-
emplars per label are dynamically filtered so that the profes-
sion under annotation does not appear among them.

Our setup is closely related to the one pro-
posed by Piergentili et al. (2025), in which LLMs
are employed to assess whether translated ref-
erents are correctly rendered in a gender-neutral
form. Although they explore different prompting
approaches, either producing direct sentence-level
assessments or eliciting intermediate phrase-level
annotations to be aggregated into a sentence-level
judgment, their task implicitly depends on iden-
tifying relevant referential expressions and their
gender realization, aligning closely with our an-
notation task. Building on their framework, we
adopt a comparable prompting strategy, in both
zero-shot and few-shot configurations, in which
the model receives the English source sentence, its
Italian translation, and the English profession noun
corresponding to the referent of interest. While the
zero-shot setup relies exclusively on natural lan-
guage task instructions, the few-shot configuration
augments these with three illustrative examples per
label, namely Italian noun phrases representing
masculine, feminine, and gender-invariant forms
(e.g., il professore, la direttrice, I’assistente), to
elicit in-context learning (see Fig. 3). To avoid
lexical leakage, exemplars are selected dynami-
cally so that the profession noun under annotation
is never included among these.

In both configurations, the model is instructed
to identify the translated noun phrase and assign a
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gender label based exclusively on morphosyntac-
tic cues internal to the target noun phrase (e.g., de-
terminer and noun morphology), to replicate the
WinoMT protocol. We further constrain model
outputs to a fixed sentence-level label format (i.e.,
MASCULINE, FEMININE, or UNKNOWN). Both
prompting configurations are applied to the same
set of 1,000 translated sentences (two sets of 500
sentences) and the full (system) prompts are pro-
vided in the Appendix.

3.5 Human Gold Annotation

To evaluate the reliability of both the WinoMT au-
tomatic pipeline and the LLM-based annotations,
we use a human annotation as our gold standard.
An expert linguist fluent in the Italian language
manually annotated the target sentences. The an-
notator was instructed to label the grammatical
gender of the target profession noun, by looking at
the determiner and the noun itself. Therefore, the
task is strictly formal and deterministic, leaving no
space for ambiguity or subjectivity.

The same label organisation is adopted through-
out the analysis by assigning MASCULINE or
FEMININE according to the grammatical gender
expressed by the profession noun, and UNKNOWN
whenever gender cannot be reliably inferred, even
when considering the associated determiner. Since
this classification is based on the Italian language
morphosyntactic rules of agreement, it is free from
personal interpretation and ensures objective and
consistent labelling across the datasets. The cre-
ation of this objective gold standard allowed us to
compute the agreement with the human annota-
tion as a direct measure of the reliability of each
automated approach.

Dataset MASC. FEM. UNKNOWN
Llama2 0.70 0.18 0.12
TowerlInstruct 0.56 0.33 0.11

Table 1: Distribution of (human) gold annotation labels
across the translated outputs generated by each MT system.
Proportions are computed over the 500 annotated sentences.

Although our sample is balanced with respect
to source-side gender cues (Section 3.1), our MT
outputs are not. As reported in Table 1, we can
observe that both Llama2 and Towerlnstruct ex-
hibit a strong tendency to default to masculine re-
alizations, resulting in substantially skewed gen-
der distributions in our target sentences, which re-
flect realistic MT deployment scenarios. There-



Class-specific F1

Dataset Method Accuracy Macro F1 Masculine Feminine Unknown
WinoMT 0.92 0.85 0.95 0.94 0.67

Llama2 LLM zero-shot 0.90 0.75 0.96 0.90 0.40
LLM few-shot 0.92 0.79 0.96 0.92 0.50
WinoMT 0.88 0.82 0.93 0.91 0.63

Towerlnstruct LLM zero-shot 0.91 0.78 0.95 0.94 0.45
LLM few-shot 0.92 0.82 0.96 0.95 0.57

Table 2: Agreement with human gold annotations across automatic annotation methods. We report overall accuracy, macro F1,
and per-class F1 scores on the Llama2- and Towerlnstruct-generated translation sets.

fore, agreement scores are computed not only in
terms of overall accuracy, but also using macro and
per-class F1 scores, in order to better capture label-
specific annotation behaviour.

4 Results

To establish the baseline for our evaluation (RQ1),
we first measure the agreement between the
WinoMT pipeline and our manually annotated
gold standard. As reported in Table 2, the inte-
grated pipeline achieves strong overall accuracy
scores, reaching 0.92 on the Llama2-translated
set and 0.88 on the TowerInstruct-translated one.
However, the F1-based evaluation reveals impor-
tant label-specific asymmetries. In particular, the
class-specific F1 breakdown indicates uneven per-
formance across labels, with substantially weaker
scores for the UNKNOWN category.

To answer RQ2, we then evaluate the perfor-
mance of Qwen3-8B acting as grammatical gen-
der annotator in both a zero-shot and a few-shot
setting. In the zero-shot configuration, the LLM’s
performance is virtually on par with the WinoMT
pipeline in terms of overall accuracy. However, the
Fl1-based evaluation reveals a strong tendency to
force binary gender labels onto morphologically
gender-invariant nouns. While performance re-
mains high for MASCULINE and FEMININE in-
stances (with class-specific F1 scores between 0.90
and 0.96), it drops substantially for the UNKNOWN
category (with scores between 0.40 and 0.45). Ac-
cordingly, incorrect gender annotations most fre-
quently involve cases labelled as UNKNOWN in the
human gold standard (Tab 4).

To try and mitigate this by clarifying the ex-
pected decision boundary between morphologi-
cally marked and invariant forms, we evaluate
the performance of the few-shot prompting strat-
egy including specific annotations exemplars for
each label. While overall accuracy remains largely
comparable to the zero-shot setting, the few-shot
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configuration leads to a modest increase in the
(macro) F1 score, primarily driven by improved
performance on the UNKNOWN category.

5 Analysis and Discussion

While overall accuracy scores suggest relatively
comparable performance across methods, a more
fine-grained evaluation exposes qualitative differ-
ences in annotation behaviour.

(a) Llama2

LLM LLM
Predicted label WinoMT zero-shot few-shot
Masculine 0.46 0.54 0.57
Feminine 0.12 0.38 0.36
Unknown 0.41 0.08 0.07
Total errors (n) 41 48 42

(b) Towerlnstruct

LLM LLM
Predicted label WinoMT zero-shot few-shot
Masculine 0.22 0.53 0.53
Feminine 0.19 0.30 0.25
Unknown 0.59 0.17 0.23
Total errors (n) 59 47 40

Table 3: Distribution of errors by predicted label across anno-
tation methods for the Llama2- and TowerlInstruct-generated
datasets. Values are proportions computed over the total num-
ber of errors per method.

A closer analysis of the WinoMT pipeline re-
veals an important limitation stemming from its re-
liance on word alignment and automatic morpho-
logical tagging. In our formulation, the UNKNOWN
label is intended to capture cases in which gen-
der cannot be determined (e.g., for morphologi-
cally gender-invariant, epicene forms). In prac-
tice, however, the pipeline also assigns UNKNOWN
when gender cannot be recovered due to alignment
shifts, translation variability, or tagging errors. As
a result, the UNKNOWN category conflates gen-
uine linguistic indeterminacy with pipeline fail-
ures. This behaviour is reflected in the low class-



specific F1 scores observed for the UNKNOWN cat-
egory (Tab. 2), as well as the distribution of errors
by predicted label reported in Table 3. Most incor-
rect annotations produced by the WinoMT pipeline
indeed fall under the UNKNOWN label, indicating a
systematic tendency to overproduce indeterminate
annotations.

Although this lies beyond the scope of the
present work, these observations have important
implications for the interpretation of Wino-MT
based evaluations. Under the WinoMT proto-
col, UNKNOWN instances are treated as “incorrectly
gendered” and therefore penalized in the computa-
tion of gender bias metrics. As already discussed
by Manna et. al (2026), such a design choice
may distort the resulting assessment, especially
considering that neither morphologically gender-
invariant forms nor annotation errors necessarily
reflect bias in the MT system itself.

(a) Llama2
Gold label LLM zero-shot LLM few-shot
Masculine 0.04 0.05
Feminine 0.04 0.02
Unknown 0.92 0.93
Total Errors (n) 48 42

(b) Towerlnstruct

Gold label LLM zero-shot LLM few-shot
Masculine 0.04 0.08
Feminine 0.15 0.15
Unknown 0.81 0.78
Total Errors (n) 47 40

Table 4: Distribution of LLM annotation errors by gold label
for the Llama2- and TowerlInstruct-generated sets under zero-
shot and few-shot prompting. Values are proportions com-
puted over the total number of errors per method.

When prompting Qwen3-8B for the same anno-
tation task, we observe accuracy scores compara-
ble to those obtained with the WinoMT pipeline.
However, the Fl-based evaluation reveals a dif-
ferent weakness. In the zero-shot configuration,
the LLM exhibits a strong bias toward enforcing
a binary choice, assigning either MASCULINE or
FEMININE even when the (Italian) noun phrase is
morphologically gender-invariant. This behaviour
is reflected in the markedly lower class-specific F1
scores obtained for the UNKNOWN category, as well
as in the distribution of errors by predicted label
(Tab. 3), which shows that incorrect annotations
are predominantly assigned to binary categories,
with a strong skew toward MASCULINE (and to
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a lesser extent FEMININE). At the same time, the
distribution of errors by gold label (Tab. 4) indi-
cates that the vast majority of these errors involve
instances labelled as UNKNOWN in the human an-
notation. Taken together, these observations sug-
gest that the LLM struggles to recognize genuine
linguistic indeterminacy, instead defaulting to a bi-
nary annotation.

While overall accuracy remains largely un-
changed, augmenting the prompt with illustra-
tive examples leads to a slight improvement in
both macro and class-specific F1 scores for the
UNKNOWN category (Tab. 2). Nonetheless, this
effect is inconsistent: the few-shot configura-
tion both corrects and introduces errors. While
some incorrect binary annotations are revised to
UNKNOWN, some cases that were (previously) cor-
rectly identified as UNKNOWN are reassigned to a
binary category.

A qualitative inspection of the generated rea-
soning (Fig. 4), further highlights this inconsis-
tency, revealing that correct annotations do not

Case 1: binary — UNKNOWN

Il supervisore critico Passistente perché ha commesso degli
errori.

lit. “The supervisor criticised the attendant because they
made some mistakes. ”

zero-shot FEMININE
“I’ corresponds to la, therefore femi-
nine.”

few-shot UNKNOWN

“assistente can be masculine or femi-
nine ... similar to l'insegnante.”

Case 2: UNKNOWN — binary

Il meccanico chiese Passistente perché era l’unico che poteva
aiutarlo.

lit. “The mechanic asked for the attendant because they were
the only one who could help.”

UNKNOWN

“assistente can be either masculine or
feminine.”

zero-shot

FEMININE

“assistente ends in -e, typically femi-
nine.”

few-shot

Figure 4: Examples of annotation flips and corresponding
reasoning (excerpts) between zero-shot and few-shot prompt-
ing for the same morphologically (gender-)invariant noun
phrase (I’assistente). Highlighted labels indicate agreement
(green) or disagreement (orange) with human gold annota-
tion.



directly derive from a stable understanding of
(Italian) morphological gender marking. For in-
stance, the same morphologically gender-invariant
noun phrase (I’assistente) receives different labels
across prompting conditions, often accompanied
by inconsistent or contradictory explanations. In
some cases, the model correctly identifies the noun
as gender-invariant, while in others it incorrectly
infers a binary label based on simplified or inaccu-
rate heuristics (e.g., associating the ending -e with
feminine gender).

More generally, the model often produces lin-
guistically inaccurate or partially inconsistent ex-
planations that may nevertheless lead to the cor-
rect label by relying on surface-level morphosyn-
tactic patterns rather than a stable generalization
of grammatical gender rules, even when illustra-
tive exemplars are provided.

6 Conclusion

The study examines the reliability of automatic
gender annotation methods for assessing bias in
machine translation, by comparing the widely
adopted automated WinoMT pipeline with an
instruction-tuned LLM, Qwen3-8B, prompted to
reproduce the same multi-step task.

While both approaches achieve comparable
accuracy scores against human gold annota-
tions, they exhibit distinct systematic weak-
nesses. The WinoMT pipeline tends to overas-
sign the UNKNOWN label due to alignment er-
rors or morphological tagging limitations on com-
plex morphological constructions. In contrast, the
LLM tends to favour binary gender annotations
(MASCULINE or FEMININE), even when faced
with ambiguous or epicene Italian nouns (e.g. in-
segnante, assistente). We further observe that the
introduction of specific examples in the prompt
leads to only marginal changes in overall agree-
ment with human annotations. A thorough ex-
amination of the reasoning process generated by
the model further reveals that correct annotations
are not consistently supported by a genuine under-
standing of Italian morphological rules.

Overall, while LLM-based (gender) annota-
tion proves to be a competitive alternative to the
WinoMT pipeline, it cannot be considered infalli-
ble or a substitute for human annotation. Its de-
pendence on prompt formulation and the lack of
solid linguistic reasoning confirm the necessity of
a constant validation against human gold standard

24

annotations, to preserve the integrity and reliability
of gender bias assessment.

7 Limitations

We acknowledge that our findings are limited to
Italian, a grammatical gender language with rel-
atively rich and transparent gender morphology.
Both investigated approaches may behave dif-
ferently for languages in which gender is more
sparsely marked, as well as in low-resource set-
tings, where less consistent agreement patterns
and limited representation in the training data
may reduce the reliability and robustness of au-
tomatic gender annotation. Similarly, the LLM-
based annotation setup is evaluated using a single
instruction-tuned LLM, and different models may
exhibit different annotation behaviours and sensi-
tivities to prompting strategies.

A further limitation concerns the treatment of
gender-neutral language. While in our analy-
sis the UNKNOWN label is interpreted as reflect-
ing gender-invariant forms (e.g., epicene nouns),
gender-neutrality in Italian is often achieved
through reformulation strategies such as plural-
ization, impersonal constructions, or other struc-
tural changes (Sulis and Gheno, 2022; Piergen-
tili et al., 2023). These strategies may not be
captured by morphology-based annotation alone,
and alignment-based methods may struggle to map
complex reformulations to the source referent.

Finally, it is important to note that the annota-
tion task considered in this work remains relatively
constrained. It involves a single phenomenon (gen-
der marking), which is annotated based on a lim-
ited set of labels, and can therefore be categorized
as a high-level classification task. As such, our
findings should not be interpreted as evidence of
LLMs’ ability (or inability) to perform more fine-
grained linguistic annotations. Rather, they reflect
the behaviour of such systems within a simplified
and controlled evaluation setting.
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A Appendix
LLM-based Annotation Prompts

We report below the full system prompts used for the zero-shot and few-shot annotation configurations.
In the few-shot configuration, three exemplars per label are dynamically selected such that the profession
under annotation does not appear among them.

Zero-shot System Prompt

You are a language expert specializing in grammatical gender in translations from
English into Italian.

Your task is to identify the grammatical gender expressed in the Italian
translation of a given English profession.

You will receive:

— An English source sentence
- Its Italian translation

— The English profession noun

Instructions:

1. Locate the Italian translation of the specified profession.

2. Identify the noun phrase (determiner + profession noun).

3. Determine the grammatical gender expressed in that noun phrase.

Use ONLY:
— The determiner
— The morphological form of the noun

If the noun itself does not present any gender marking but the determiner does,
report the gender of the latter.

Do NOT use:

— Pronouns

— Adjectives outside the noun phrase
— Verbal agreement

- Context

— English gender cues

- World knowledge

Assign one of the following labels:

— MASCULINE: if the determiner and noun clearly mark masculine gender.

— FEMININE: if the determiner and noun clearly mark feminine gender.

— UNKNOWN: if the noun phrase is gender-invariant, lacks gender marking, or
shows conflicting signals.

If uncertain, output UNKNOWN.

Output format:
Label: <MASCULINE | FEMININE | UNKNOWN>

Return only this line. Do not provide explanations.
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Few-shot System Prompt

You are a language expert specializing in grammatical gender in translations from
English into Italian.

Your task is to identify the grammatical gender expressed in the Italian
translation of a given English profession.

You will receive:

— An English source sentence
- Its Italian translation

- The English profession noun

Instructions:

1. Locate the Italian translation of the specified profession.

2. Identify the noun phrase (determiner + profession noun).

3. Determine the grammatical gender expressed in that noun phrase.

Use ONLY:
— The determiner
— The morphological form of the noun

If the noun itself does not present any gender marking but the determiner does,
report the gender of the latter.

Do NOT use:

— Pronouns

- Adjectives outside the noun phrase
— Verbal agreement

- Context

— English gender cues

- World knowledge

Assign one of the following labels:

— MASCULINE: if the determiner and noun clearly mark masculine gender.

— FEMININE: if the determiner and noun clearly mark feminine gender.

— UNKNOWN: if the noun phrase is gender-invariant, lacks gender marking, or
shows conflicting signals.

If uncertain, output UNKNOWN.
Noun phrases like "il manager", "il professore", "il direttore" are MASCULINE.
Noun phrases like "la manager", "la professoressa", "la direttrice" are FEMININE.

Noun phrases like "l'assistente", "l'insegnante", "l'auditor" are UNKNOWN.

Output format:
Label: <MASCULINE | FEMININE | UNKNOWN>

Return only this line. Do not provide explanations.
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Abstract

This paper evaluates how Neural Machine
Translation (NMT) and Large Language
Models (LLMs) process non-binary mor-
phology when translating German literary
fiction into Italian. 12 NMT and 16 LLM
translations from a human-in-the-loop ex-
periment were analyzed, applying an in-
ductive, mixed-methods framework. Find-
ings indicate clear differences between
systems. NMT defaults to standard binary
grammar but applies it inconsistently, often
flipping between masculine and feminine
forms for the same subject across different
sentences, which effectively erases queer
visibility. Conversely, LLMs actively at-
tempt gender-fair language via neutraliza-
tion and neomorphemes (e.g. the schwa).
However, LLMs introduce new systematic
errors: driven by semantic cues, they ex-
hibit a contextual bias that frequently led to
over-feminization in the present study, and
their attempts to create inclusive word end-
ings result in structurally invalid words, es-
pecially when translating clitic pronouns.
Ultimately, these findings expose current
limitations and provide preliminary empir-
ical guidance to assist post-editors in nav-
igating the complex challenges of gender-
fair translation.

1 Introduction

Gender-fair language (GFL) is not a single, univer-
sal set of rules; instead, it is a fast-changing col-
lection of different linguistic strategies to achieve
© 2026 The authors. This article is licensed under a Creative

Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
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inclusivity. Such strategies vary drastically across
linguistic systems. For instance, English, a no-
tional gender language,' primarily marks gender
on third-person pronouns, where singular they has
become a widespread convention for referring to
non-binary individuals (Baron, 2020). Conversely,
grammatical gender languages like German and
Italian face the steeper challenge of pervasive bi-
nary agreement across articles, nouns, and adjec-
tives. To achieve inclusivity, strategies such as the
gender star (*) in German and the schwa (9) in
Italian are gaining traction amongst other possible
approaches (Lardelli and Gromann, 2023b). This
systemic fluidity, coupled with cross-lingual dif-
ferences in gender marking, represents a profound
challenge for language technologies.

Because Machine Translation (MT) architec-
tures are optimized on massive, historically cis-
normative datasets, they inherently struggle to pro-
cess morphological phenomena that remain unset-
tled or statistically sparse within their training cor-
pora (Vanmassenhove et al., 2019). Consequently,
traditional Neural Machine Translation (NMT) ar-
chitectures frequently misgender non-binary enti-
ties in target texts (Dev et al., 2021; Lauscher et
al., 2023; Lardelli, 2023). In contrast, prompt-
driven Large Language Models (LLMs) theoreti-
cally possess the semantic sensitivity and genera-
tive flexibility necessary to dynamically synthesize
GFL (Brown et al., 2020). However, it remains un-
clear how these different models handle the com-
plex grammar of non-binary language in contin-
uous text, since most current evaluations rely on
curated benchmarks made up of short, isolated ex-
amples (Robinson et al., 2024).

To bridge this gap, this paper presents an em-

'For a classification of languages based on their gender sys-
tem see Stahlberg et al. (2007) and McConnell-Ginet (2013).
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pirical, human-in-the-loop evaluation of how NMT
and LLLM process non-binary morphology in a lit-
erary context. Based on an experimental dataset
generated by 12 participants translating contem-
porary German fiction into Italian, an inductive,
mixed-methods framework was applied to analyze
12 NMT- and 16 LLM-generated translations. This
study addresses a notable gap in the literature by
focusing on gender-fair translation between two
grammatically gendered languages — a direction
often overlooked in favor of English-centric re-
search (Savoldi et al., 2025b).

Findings show differences in handling non-
binary morphology between systems. NMT sys-
tems are highly rigid; they default to traditional bi-
nary grammar or switch to plural forms, which ef-
fectively erases queer visibility. In contrast, while
LLMs actively attempt to be inclusive, they often
break grammatical rules and create structurally in-
valid words — a pattern also documented for other
language pairs involving heavily inflected target
languages (Popovic et al., 2025) — especially when
translating clitic pronouns. Ultimately, these find-
ings expose the current limitations of transformer-
based models in handling evolving queer language,
offering empirical guidance for gender-fair post-
editing.

2 Theoretical Background

To contextualize automated non-binary translation,
this section examines the intersection of cultural
history and linguistic structures in German and
Italian. Section 2.1 traces the divergent evolution
of GFL in these regions and its impact on current
institutional readiness. Section 2.2 then outlines
specific GFL strategies in both languages, while
Section 2.3 analyzes how their respective gram-
matical foundations, specifically German’s case
declensions versus Italian’s fusional suffixes, dic-
tate the implementation of these strategies.

2.1 The Evolution of Gender-Fair Language:
German-speaking countries vs. Italy

The theoretical and practical frameworks for GFL
have developed along markedly different trajec-
tories in German-speaking countries compared to
Italy. In the DACH region, feminist linguistics
emerged as a robust academic field in the 1970s
and 1980s (Pusch, 1984; Tromel-Plotz, 1982).
These early movements introduced typographical
conventions like the Binnen-I (e.g. Lehrerlnnen,
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EN: teachers) to visualize female inclusion. To-
day, the use of GFL is moderately institutional-
ized across Germany, Austria, and Switzerland,
often mandated or encouraged in administrative,
academic, and broadcasting contexts (Feigl, 2009;
Sczesny et al., 2016). Consequently, the contem-
porary DACH debate has largely shifted beyond
the gender binary, focusing on non-binary typo-
graphical solutions such as the gender star (Gen-
dersternchen, *) and the colon (Doppelpunkt, ).

Conversely, the systemic critique of Italian be-
gan slightly later, crystallized by Sabatini (1987).
Unlike the DACH region, contemporary main-
stream discourse in Italy remains heavily anchored
to overcoming the generic masculine for presti-
gious professional titles (e.g. advocating for la
sindaca, I’avvocata, la ministra; EN: the mayor,
the lawyer, the minister) (Gheno, 2022). The tran-
sition toward non-binary GFL in Italian is highly
contentious. Attempts to introduce inclusive ty-
pography, most notably the schwa (9) and the as-
terisk (*), face stringent resistance from both insti-
tutional bodies and broader academic circles, who
argue these interventions severely disrupt the mor-
phological integrity of the language (Arcangeli,
2022; De Benedetti, 2022).

2.2 Overview of GFL Strategies in German
and Italian

To navigate non-binary texts, writers and speak-
ers employ a specific repertoire of GFL strategies.
As categorized by Lardelli and Gromann (2023b),
these approaches generally divide into gender-
inclusive (which actively mark non-binary identi-
ties) and gender-neutral strategies (which neutral-
ize the text by omitting gender-specific markers).

In German, visibility strategies frequently in-
volve the adoption of neopronouns (such as
dey/demm or xier/xiem) as direct substitutes for bi-
nary third-person pronouns. For nouns, German
relies heavily on typographical interventions, such
as the gender star (*), the colon (:), or the under-
score (_), inserted before the feminine suffix (e.g.
Student*in, EN: student) to create a visually inclu-
sive spectrum. When these visibility markers are
deemed too disruptive or grammatically incompat-
ible, neutralization strategies, such as repeating a
person’s name instead of using a personal pronoun
or syntactically restructuring sentences to avoid
gender marking altogether, are utilized.

In Italian, the strategic repertoire is similarly di-



vided but heavily constrained by the language’s
pervasive inflectional system. Visibility strategies
depend almost entirely on typographical neomor-
phemes, most prominently the schwa (o) or the as-
terisk (*), used to replace terminal gendered vow-
els (e.g. tutta, EN: everyone, or bambin* EN: kid).
However, due to the morphosyntactic friction these
visual markers introduce, neutral strategies are of-
ten applied. This includes leveraging Italian’s
pro-drop nature to omit subject pronouns, along-
side extensive syntactic restructuring using passive
constructions, periphrasis, and epicene nouns.

2.3 Morphosyntactic Divergences: German
vs. Italian

The different use of GFL in German-speaking
countries and Italy is not merely cultural but
deeply rooted in the morphosyntactic structures of
the languages themselves. While both German and
Italian are grammatical gender languages, their in-
flectional mechanics lead to different challenges in
GFL use.

Feature German Italian

Declensions & Complex case No case

Articles declensions (e.g. declensions, but
die, der). articles remain
gendered.
Possessives Gendered Gender-blind
possessives possessives
reflecting possessor  reflecting possessed
(sein/ihr). object (suo/sua).
Predicative Uninflected for Highly inflected for
Adjectives gender/number. gender/number.
Subject Mandatory Optional
Pronouns (non-pro-drop). (pro-drop).
Verbs & No gender Past participles
Participles inflection. highly inflected.
Derivational Modular -in suffix, Fusional endings
Suffixes easily adaptable (-a/-o, -tore/-trice);
(e.g. -*in). disruptive
typography.

Table 1: Morphosyntactic differences impacting GFL strate-
gies.

As outlined in Table 1, the primary challenge
in German stems from its complex case declen-
sions. Integrating typographical strategies like the
gender star (*) to combine definite articles intro-
duces significant structural ambiguities for anyone
using the language. Writers and speakers must re-
solve whether to prioritize the masculine or femi-
nine form, or how to merge them effectively (e.g.
der*die, die*der, or the fused di*er). Furthermore,
when neomorphemes are introduced, there is a sys-
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temic need to generate several new endings based
on both gender and case, requiring users to navi-
gate entirely new declension paradigms. However,
German benefits from uninflected predicative ad-
jectives and a highly modular feminine suffix (-
in), which readily accommodates visual neomor-
phemes like the aforementioned gender star.

In Italian, applying typographical neomor-
phemes is straightforward only when grammati-
cal forms are symmetrical. When masculine and
feminine words differ by a single terminal vowel
(e.g. ragazzo/ragazza, EN:boy/girl), the ending
can be cleanly substituted (ragazzo). However,
morphosyntactic complications arise with asym-
metrical suffixes, which are prevalent in profes-
sional titles (e.g. -fore/-trice in scrittore/scrittrice,
EN: writer). Without a shared morphological stem,
applying a neomorpheme in these cases forces an
arbitrary reliance on either the masculine or femi-
nine base (e.g. scrittora vs. scrittrica). This struc-
tural asymmetry also deeply impacts pronouns.
While Italian is a pro-drop language, allowing
speakers to frequently omit subject pronouns, gen-
erating visible non-binary forms when they are ex-
plicitly required remains problematic. The stan-
dard third-person singular subject pronouns (lui
and lei) differ in their central vowels rather than
their terminal suffixes, preventing simple substitu-
tion. Furthermore, while direct object clitics are
symmetrical (lo/la) and could theoretically accept
a gender-fair vowel (/o), indirect object clitics are
entirely asymmetrical (gli/le). Crucially, attempt-
ing to unify these object pronouns with a single
neomorpheme (e.g. using /o for both) collapses the
grammatical distinction between direct and indi-
rect cases, generating severe syntactic ambiguity
and further exposing the limitations of typograph-
ical interventions in heavily fusional languages.

3 Related Work

The integration of GFL into MT is a rapidly evolv-
ing subfield (Savoldi et al., 2025b). Foundational
surveys mapping gender bias in MT initially em-
phasized the systemic erasure of female and non-
binary representation in MT (Savoldi et al., 2021;
Lardelli and Gromann, 2023a). While early de-
biasing efforts and benchmarking paradigms, e.g.
WinoMT (Stanovsky et al., 2019), primarily fo-
cused on mitigating the generic masculine and re-
solving binary misgendering in occupational con-
texts, recent literature has pivoted toward the com-



plex morphosyntactic challenges of accommodat-
ing non-binary identities and neomorphemes in
heavily inflected languages (Cao and Daumé III,
2020).

3.1 Evaluating Gender Bias in MT/LLMs

Traditional NMT architectures fundamentally
struggle with context resolution, leading to rigid
default biases. Early mitigation strategies of-
ten framed this as a domain adaptation prob-
lem, attempting to fine-tune models on gender-
balanced datasets (Saunders and Byrne, 2020);
however, these are mostly binary-focused ap-
proaches that fail to generalize to non-binary mor-
phology. Lauscher et al. (2023) showed that com-
mercial MT systems handle neopronouns poorly
across the board: translation quality drops sub-
stantially compared to gendered pronouns, engines
frequently copy neopronouns verbatim rather than
translating them, and when a translation is at-
tempted, it most often defaults to a binary gen-
dered form in the target language. Moreover,
Hackenbuchner et al. (2024) demonstrated that hu-
man gender assumptions and MT systems alike
are heavily influenced by contextual cues, high-
lighting that isolated, word-level bias evaluation
is insufficient to investigate gender bias in MT.
While some commercial MT systems exhibit lo-
calized instances of inclusivity, such as provid-
ing gender-fair alternatives for plural nouns, they
remain structurally biased toward the masculine
(Lardelli et al., 2024b).

To systematically measure these limitations, re-
cent work has introduced several benchmarks.
Piergentili et al. (2023) introduced GeNTE, a cor-
pus for benchmarking gender-neutral translation
into Italian, providing multi-reference evaluations
that expose the trade-offs between grammatical
fluency and visible inclusivity. Expanding this line
of work to German as a target language, Lardelli
et al. (2024a) constructed a dedicated dataset for
evaluating gender-fair MT into German, while
Waldis et al. (2024) introduced the Lou dataset, a
German corpus pairing conventional and gender-
fair formulations of the same texts, and showed
that the presence of GFL measurably affects the
performance of text classification models. Most re-
cently, Savoldi et al. (2025a) introduced mGeNTE,
a multilingual extension of the GeNTE corpus cov-
ering multiple grammatical gender languages, en-
abling cross-linguistic evaluation of gender-neutral
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translation quality. Pranav et al. (2025) pro-
posed GLITTER, a dataset explicitly designed for
evaluating gender-fair German in MT and LLMs.
Hackenbuchner et al. (2025) introduced GEN-
DEROUS to assess how MT systems and LLMs
translate gender-ambiguous occupations and sin-
gular their across multiple grammatical-gender
languages, confirming a pervasive male-default in
neural models. To scale the evaluation of these nu-
anced translations, Piergentili et al. (2025b) val-
idated the efficacy of LLM-as-a-judge paradigms
for scoring gender-neutral translation quality.

3.2 Generative LLMs and Gender-Fair
Rewriting

The advent of generative artificial intelligence has
shifted the paradigm from static translation to dy-
namic, gender-fair rewriting. Broad evaluations of
LLMs as translators confirmed their superior con-
textual adaptability over traditional NMT (Wang
et al., 2023) but also flagged their susceptibility to
amplifying semantic biases present in their vast,
uncurated training data. Narrowing in on GFL
specifically, Piergentili et al. (2024) explored the
use of LLMs to translate English into Italian us-
ing gender-inclusive neomorphemes such as the
schwa. They noted that while LLMs possess gen-
erative flexibility lacking in NMT, they frequently
struggle with consistent morphosyntactic applica-
tion. Building upon this, Piergentili et al. (2025a)
mapped the trade-offs of various models and ap-
proaches for gender-neutral rewriting in Italian,
highlighting the persistent tension between gram-
matical fluency and visible inclusivity. Mainardi
et al. (2025) compared prompting and fine-tuning
strategies for gender-fair rewriting of MT outputs.
They found that fine-tuning, even on smaller mod-
els, yielded superior morphosyntactic consistency
and deeper task adaptation. In contrast, while
large prompted models were capable of few-shot
gender-fair generation, they struggled with higher
misgeneration rates, hallucinating forms and over-
generating inclusive morphology.

3.3 Human Factors: Post-Editing and
Comprehensibility

The shift toward automated GFL generation heav-
ily impacts human-computer interaction within
translation workflows. Lardelli (2025) investigated
the cognitive load of MT post-editing, revealing
that while post-editing GFL is usually faster than
translation, the perceived cognitive effort is still



high due to the continuous need for structural ar-
bitration by the linguist.

Despite the increased cognitive burden for trans-
lators, reader reception of these strategies remains
largely positive. For instance, Daems (2026)
proved in a real-world scenario that the presence
of inclusive neomorphemes in translated texts does
not negatively impact human processing time or
comprehension success rates. Ultimately, to refine
automated systems, Gromann et al. (2023) argue
for the necessity of participatory research, ensur-
ing that MT architectures are directly informed by
the communities pioneering these linguistic inno-
vations.

4 Methodology

This study draws on data from a translation and
post-editing experiment involving 12 advanced
translation students at the University of Padua
(November 2025 — March 2026). Participants
translated three German literary extracts into Ital-
ian under fixed conditions: human translation (Ex-
tract A), static NMT post-editing (Extract B), and
LLM-assisted translation (Extract C). This paper
restricts its analysis to the raw machine outputs of
Extracts B and C. Rather than conducting a con-
trolled model comparison, the outputs of the en-
gines participants naturally selected for these tasks
(DeepL, Google Translate, Reverso, ChatGPT-4o,
Gemini, and Claude) were analyzed. In the LLM
condition, users crafted their own prompts in un-
restricted, multi-turn interactions (see Appendix
B). This approach aligns with a human-in-the-loop
framework, prioritizing ecologically valid work-
flow integration over systematic benchmarking.

4.1 Source Text and Translation Constraints

The source texts (ST) for the experiment are three
extracts from Schwindel (Yaghoobifarah, 2024),
a contemporary queer novel (see extracts in Ap-
pendix A).2 Characterized by an informal, highly
colloquial narrative style, the text actively em-
ploys non-binary morphology. One of the protag-
onists, Delia, is referenced using the German neo-
pronoun dey/demm alongside inclusive typography
(the gender gap/underscore) for nouns (e.g. Kell-
ner_in, EN: server).

The extracts were specifically chosen for their
high density of German GFL markers and the re-

Note that passages of the novel are written entirely in lower-
case.
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sulting morphological constraints they impose on
the Italian target text. A secondary selection crite-
rion was morphosyntactic variety, ensuring a com-
prehensive representation of subject, object, and
possessive pronouns, as well as adjectives, par-
ticiples, and both non-binary and plural nouns.
To consistently meet these experimental require-
ments, the ST were slightly modified. As detailed
in Table 2, Extracts B and C are comparable in
length, word-class distribution, and the frequency
of GFL segments. (A comprehensive segment-by-
segment breakdown is supplied in Table 5 in Ap-
pendix C). Extract A was excluded from the anal-
ysis because it involved human translation.

Metric / Word Class Extract B Extract C
Total GFL Segments 11 10
Total Word Count 195 209
Subject pronoun 7 6
Object pronoun 1 5
Possessive pronoun 1 1
Non-binary noun 2 1
Plural noun 1 1
Adjective/participle 4 1

Table 2: Overview of segments with GFL, word counts, and
word class frequencies for Extract B and Extract C.

The German-Italian language pair was chosen
because it presents severe structural challenges for
translation and language models. Unlike English,
where gender is mostly limited to pronouns, Ger-
man applies grammatical gender across articles,
nouns, and adjectives. When writers introduce
non-binary markers to German, translation and
language models often misread them. This initial
confusion makes it even harder for them to accu-
rately translate queer identities into Italian, which
propagates misgendering.

4.2 Data Annotation Framework

Departing from traditional MT evaluation bench-
marks, this study assesses NMT and LLM perfor-
mance “in the wild” using continuous, queer liter-
ary prose. To achieve this, a mixed-methods quan-
titative and qualitative content analysis was con-
ducted (Krippendorff, 2018). Rather than apply-
ing a rigid, pre-defined evaluation metric, a custom
annotation framework was developed inductively
(Saldafia, 2021).

By systematically observing the raw NMT and
LLM outputs without a pre-existing codebook, cat-
egories for recurring translation strategies, biases,
and structural errors emerged directly from the em-



pirical data. This bottom-up approach provides
significant methodological value by exposing sys-
tematic error typologies that metrics applied to cu-
rated benchmarks often obscure. The annotation
was performed by a single researcher with exper-
tise in translation studies and GFL. To ensure data
consistency, the annotator performed a dual-pass
verification process, reviewing the entire dataset a
second time after a three-week interval to resolve
any internal inconsistencies. The data-driven cod-
ing process yielded a micro-level typology consist-
ing of three macro-categories:

1. Bias & Misgendering:

Misgendering (Feminine/Masculine): The sys-
tem forcibly assigns a binary grammatical gender
to a non-binary ST referent.

Generic Masculine: The system erases ST inclu-
sive typography by defaulting to the standard Ital-
ian generic masculine.

2. Translation Failures:

Source Retention: The ST neopronoun is repro-
duced verbatim in the target segment without mor-
phological adaptation (e.g. Dey).

Calque Translation: The system creates an in-
terlingual hybrid or literal translation that violates
target-language syntactic norms (e.g. hallucinating
the Italian/German hybrid neo-pronoun ley).
Mistranslation / Misrecognition: The system
translates the non-binary word using an incorrect
grammatical category (e.g. translating a singular
possessive as a plural).

3. Non-binary Translation:

Pro-drop: The system achieves syntactic neu-
trality passively by omitting the subject pronoun,
leveraging standard Italian pro-drop parameters.
Neutralization: The system actively reformulates
the sentence or substitutes the pronoun with the
character’s name to bypass gender markers.
Neomorphemes (o/ *): The system generates con-
temporary typographical inclusivity to mirror the
source text.

5 Results

This section presents findings on how NMT and
LLMs translate German non-binary morphology
into Italian.® First, a general evaluation of the
NMT models is provided, followed by a detailed

3The generated translations are available at https://
zenodo.org/records/20137067
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analysis of the specific morphosyntactic triggers
that drive their behaviors. The section then ex-
plores the generative performance of LLMs, sim-
ilarly analyzing the morphosyntactic triggers be-
hind their outputs. Finally, the findings conclude
with a comparative analysis, evaluating the LLMs
against one another before synthesizing the funda-
mental differences between the LLM and NMT ap-
proaches.

5.1 NMT Evaluation: Binary Default

Ten of the twelve participants generated their
translation drafts using DeepL (P1-P2, P5-P12),
while two used Google Translate (P3) and Reverso
(P4). The task extract contained 11 segments fea-
turing German GFL or requiring it in the Italian
translation, spanning 16 items. Consequently, 192
annotations were performed.

As detailed in Table 3, the quantitative distribu-
tion of NMT outputs reveals that the systems over-
whelmingly rely on evasion or default to binary
categories. The most frequent strategy is the syn-
tactic omission of the subject (pro-drop), account-
ing for 33.9% (65 occurrences) of the total annota-
tions. When evasion is structurally impossible, the
models enforce a strict binary paradigm, resulting
in feminine (29.2%, 56 occurrences) and mascu-
line misgendering (11.5%, 22 occurrences). More-
over, the systems often fail to translate the neopro-
nouns at all, leaving the original German words
in the target texts (8.9%, 17 occurrences) or de-
faulting to the generic masculine (6.3%, 12 occur-
rences). Strikingly, instances where the translation
is naturally correct without requiring specific GFL
interventions constitute a mere 3.6% of the data,
underscoring the systemic inadequacy of NMT in
handling non-normative gender markers.

Annotation Category Count Percentage
Pro-drop 65 33.9%
Misgendering (Feminine) 56 29.2%
Misgendering (Masculine) 22 11.5%
Source Retention 17 8.9%
Generic Masculine 12 6.3%
Misrecognition 11 5.7%
Correct / No GFL Required 7 3.6%
Mistranslation 2 1.0%
Total 192 100.0%

Table 3: Frequency of NMT translation solutions (n = 192)



5.1.1 Morphosyntactic Triggers in NMT

A detailed look at the NMT outputs shows that
translation strategies and error rates depend heav-
ily on the specific type of word being translated
into Italian. Grouping the source segments by
word class reveals four distinct patterns in how the
models handled the text. A breakdown of transla-
tion strategies applied per word class is shown in
Table 6 in Appendix C.

1. Syntactic Evasion: When processing the
neopronoun dey, the models overwhelmingly rely
on Italian pro-drop syntax, omitting the subject
pronoun. For instance, Segment 1 of the extract
was translated as Delia soffre di vertigini fin da
quando [D] era bambina (EN: Delia has been
struggling with a fear of heights since they were
a child) in 11 out of 12 target texts. The sole ex-
ception was Reverso, which completely mistrans-
lated the segment (la paura dell’altitudine affligge
la sua famiglia da quando era piccola, EN: Her
family has struggled with a fear of heights ever
since she was a child) by replacing the pronoun
dey with la sua famiglia. While pronoun omis-
sion sometimes yields accidental neutrality, it fre-
quently fails to prevent misgendering in adjacent
agreements, as the dropped subject still governs
gendered nouns and past participles (e.g. bambina
in the example).

2. Source Text Retention: = When sentences
omit the non-binary protagonist’s name and rely
solely on identified pronouns (weit weg, als wdire
dey ldngst hineingesprungen und wiirde hinunter-
sinken, EN: far away, as if they had jumped in long
ago and were sinking down), the evasion strategy
shifts. For instance, in 10 out of 12 translations
for Segment 8, NMT engines retained the German
neopronouns verbatim (e.g. lontane, come se Dey
ci fosse gia saltata® dentro e stesse affondando).
Interestingly, the source neopronoun was capital-
ized in the translation, suggesting the system might
interpret the unfamiliar token as a proper noun.

3. Morphological Instability: Consistent with
known limitations of sentence-level NMT process-
ing, the systems fail to propagate gender iden-
tity across anaphoric chains. In early segments,

“Note that the past participle is morphologically marked, in-
correctly assigning feminine agreement to Delia. Further-
more, DeepL’s translations for this segment exhibited incon-
sistent binary defaults, erratically alternating between mascu-
line and feminine form.
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the translation systems systematically apply femi-
nine morphological agreements to the non-binary
protagonist (56 occurrences). This pattern cor-
relates with the presence of the source-language
name Delia, which typically carries strong femi-
nine associations in the training data. As the doc-
ument progresses, however, the systems transition
to masculine agreements (e.g. the uniform mas-
culinization of the loanword freak in all the 12
translations analyzed). These shifts indicate a fail-
ure to maintain consistent document-level corefer-
ence for non-binary entities.

4. Misrecognition & Generic Masculine De-
fault: The data exposes a case of misrecogni-
tion (11 out of 12 occurrences) in segment 7 con-
taining the nominal phrase deren riickenhaltung
(EN: [singular] their posture). The possessive pro-
noun deren is translated as la loro postura instead
of la sua postura, as if it referred to a plural an-
tecedent. Finally, all systems produce a translation
in the generic masculine (futti i compagni, EN: all
classmates) in response to ST inclusive typography
(Mitschiiler_innen), reaffirming the structural bias
of the engines toward masculine forms.

5.2 LLM Evaluation: Contextual Bias

For Extract C, seven participants used ChatGPT
(P1-P2, P5, P7, P9-P11), three used Gemini (P4,
P6, P12), one used both (P3), whereas one used
ChatGPT and Claude (P8). Additionally, P11 gen-
erated three distinct versions with ChatGPT. This
yielded 16 analyzed translations containing 15
items requiring GFL, totaling 240 annotations. Un-
like the mistranslations observed in the NMT out-
puts, the LLMs correctly translated the possessive
pronoun deren. Because the correct Italian equiv-
alent inherently is not subject to gender inflection
regarding the possessor, its corresponding annota-
tions were excluded from Table 4.

Table 4 illustrates a markedly more diverse,
albeit highly unstable, distribution of translation
strategies employed by generative models. Unlike
NMT, LLMs actively attempt to deploy contempo-
rary gender-fair morphology, with the use of neo-
morphemes such as the schwa (10.2%, 23 occur-
rences) and the asterisk (3.6%, 8 occurrences) rep-
resenting significant portions of the output. Ad-
ditionally, LL.Ms utilize semantic neutralization
strategies, including proper noun substitution (in-
stead of pronouns) (4.9%) and periphrasis (3.6%).
Despite these active inclusivity efforts, misgender-



ing remains the single largest error category, com-
prising 32.9% (74 occurrences) of the total out-
puts. Furthermore, LLMs often evade gender-fair
requirements by retaining source text (16%) or
producing unnatural calques (4%).

Annotation Category Count Percentage
Misgendering (Feminine) 74 32.9%
Source Retention 45 20%
Pro-drop 36 16%
Neomorpheme (Schwa, 9) 23 10.2%
Neutralization (Name instead of 11 4.9%
pronoun)

Calque Translation 9 4%
Neutralization (Periphrasis) 8 3.6%
Neomorpheme (Asterisk, *) 8 3.6%
Mistranslation 4 1.8%
Neutralization (Synonym) 2 0.8%
Other (Hybrids, Removed) 5 2.2%
Total 225 100.0%

Table 4: Frequency of LLM translation strategies (n = 225)

5.2.1 Sensitivity to Prompting Formulation

While generative LLMs offer high adaptability, an
analysis of the user prompts reveals relatively low
variance in their prompting behavior (see prompts
used during the experiment in Appendix B). The
majority of participants (11 out of 12) utilized
constraint-based prompting, explicitly instructing
the models to employ gender-inclusive or gender-
neutral language. Within this constrained group,
prompts generally prioritized target-language flu-
ency over explicit morphological instructions. For
instance, participants requested that the GFL adapt
to standard Italian (P5) or sound natural and id-
iomatic (P10). Notably, no participant explicitly
commanded the use of specific micro-level strate-
gies, such as neomorphemes (schwa/asterisk) or
active neutralization. Only one participant (P11)
provided the model with explicit ST context, spec-
ifying the protagonist’s use of a neopronoun. Con-
versely, participant P1 provided a purely uncon-
strained, zero-shot prompt in German (Kannst du
es ins Italienische iibersetzen?, EN: Can you trans-
late it into Italian?), providing a baseline for un-
guided LLLM behavior.

The presence or absence of these GFL con-
straints possibly dictated algorithmic output.
When the LLM was left unconstrained (P1), it
defaulted almost entirely to binary misgendering,
closely mirroring the rigidity observed in static
NMT systems. The single exception was the trans-
lation of Kiffer_in, which the model spontaneously
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neutralized via periphrasis (persona che fumava,
EN: person who used to smoke). Interestingly,
when participants specifically requested “stan-
dard” or “idiomatic” GFL, the models paradoxi-
cally generated interlingual calques for the neo-
pronouns dey/demm (e.g. hallucinating the forms
ley/lem). This suggests that LLMs struggle to rec-
oncile the instruction for grammatical fluency with
the demand for visible inclusivity, occasionally at-
tempting to resolve the conflict by inventing gram-
matically incorrect word forms. While these qual-
itative patterns highlight the models’ sensitivity to
prompt formulation, the limited sample size pre-
cludes drawing definitive conclusions.

Beyond the initial translation generation, 11 of
the 12 participants engaged in multi-turn, iterative
prompting. These follow-up interactions involved
querying the models for metalinguistic explana-
tions of their chosen GFL strategies or requesting
alternative translations. Although these conver-
sational logs provide rich qualitative data regard-
ing embedded language ideologies and instances
of generative hallucination (e.g. models fabricat-
ing grammatical justifications for ungrammatical
outputs), an in-depth analysis of multi-turn user-
machine interactions falls outside the scope of this
paper and will be addressed in future work.

5.2.2 Morphosyntactic Triggers in LLMs

A closer look at the LLM outputs shows that trans-
lation strategies and error rates depend heavily on
the specific type of word being translated into Ital-
ian. Grouping the source segments by word class
reveals four distinct patterns in how the models
handled the text. A detailed breakdown of the
strategies used for each category is available in Ta-
ble 7 in Appendix C.

1. Syntactic Evasion: When confronted with
the subject neopronoun dey, LLMs leveraged Ital-
ian pro-drop parameters (36 occurrences for sub-
ject pronouns, 16% of the total outputs), achiev-
ing perfect neutrality. Some models, however,
attempted interlingual morphosynthesis. Rather
than retaining the neopronoun dey, they halluci-
nated interlingual calques (9 occurrences, 4%), in-
venting anomalous hybrid Italian—-German neopro-
nouns like ley (subject) and lem (object). This
seems to indicate that LLMs are able to dynami-
cally synthesize cross-lingual morphological rules.

2. Contextual Bias: While NMT defaults fre-
quently to the masculine, LLMs exclusively de-



faulted to the feminine (74 occurrences, zero mas-
culine occurrences). This highlights a shift from
grammatical bias to contextual bias. Although the
ST explicitly uses non-binary pronouns, the pres-
ence of female-coded names (Delia, Ava) and lexi-
cal items associated with sapphic interactions (e.g.
kiisste, EN: kissed; liebhaber_innen, EN: lovers)
seem to trigger feminine agreement in the transla-
tions. This pattern is consistent across models and
prompts, and might reflect the statistical weight of
these contextual cues in the models’ training dis-
tributions.

3. Misgendering in Clitic Pronouns: This er-
ror is highly concentrated on object pronouns.
When translating the German non-binary pronoun
demm (75 instances), the LLMs misgender the pro-
tagonist as female 48 times, likely triggered by
the nearest contextual gender anchor (the female-
coded name Delia). LLMs systematically force
Italian clitics into the feminine form, e.g. Ava
tiro il mento di Delia verso di sé e la bacio, (EN:
Ava pulled Delia’s chin toward her and kissed her,
P2, ChatGPT generated translation for Segment
2). This reveals a specific structural blind spot:
even when LLMs attempt to use inclusive lan-
guage elsewhere in the sentence, they fail to ap-
ply these gender-neutral rules to small, highly gen-
dered function words.

4. Morphological Instability: Segments con-
taining German inclusive typography triggered the
highest rates of morphological instability. For the
singular noun Kiffer_in (EN: pothead) in Segment
1, models successfully utilized neutralization via
periphrasis (5 occurrences, e.g. persona che si
faceva le canne, EN: someone who used to smoke
joints, P2, ChatGPT) and schwa (5 occurrences,
e.g. buono fattona, EN: big stoner — P6, Gem-
ini), but explicitly hallucinated broken strings, for
instance mixing schwa and asterisk (fumatoro®,
P7, ChatGPT) or schwa and underscore (fumat_a,
P11, ChatGPT). In other words, when attempt-
ing to use inclusive typographical symbols, LLMs
struggled to process the internal structure of the
words, ultimately generating grammatically bro-
ken or invalid forms. The models generated ty-
pographical neologisms in ~15% of the outputs
but failed to integrate them into standard Italian
morphosyntax. Furthermore, models mechanically
over-applied the schwa to nouns that are already
epicene in Italian plural paradigms (generating the
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redundant amanto, EN: lovers — P8, ChatGPT,
Segment 6). In extreme cases, models attached
typographical symbols to explicitly gendered suf-
fixes (fumator*a, EN: smoker — P4, Gemini, Seg-
ment 1). This pattern points to a broader challenge
in generating typographically inclusive forms in
heavily inflected languages.

5.2.3 Comparing LLMs

Although the limited sample size precludes broad
generalization, a comparative breakdown of the
generative models reveals distinct tendencies in
how they handle gender-fair constraints and struc-
tural morphosyntax within this dataset.

The Gemini outputs exhibited a pronounced
reliance on structurally “safe” translational
workarounds. The model prioritized semantic
neutralization strategies, specifically neutraliza-
tion via periphrasis (e.g. rendering the non-binary
noun as persona che fuma, EN: person who
smokes) and proper noun substitution for pro-
nouns (11 occurrences). However, when Gemini
utilized typography-based morphology, it pro-
duced higher rates of grammatical hallucination,
demonstrating a systemic struggle to attach
typographical symbols correctly to Italian stems.

Conversely, the ChatGPT iterations displayed a
compelling tendency toward interlingual neogene-
sis. ChatGPT outputs included hybrid Italian neo-
pronouns (e.g. ley for the subject, lem for the ob-
ject) that formally resemble a combination of Ital-
ian feminine pronouns (lei/le) with the German
non-binary suffixes (-ey/-em).

While the limited sample size (n=1) for Claude
precludes a direct quantitative comparison, the
model’s output provided a distinct qualitative data
point. Claude’s general tendency was to default
to source retention for subject pronouns, reproduc-
ing the German neopronoun verbatim in the Italian
target text. However, when processing object pro-
nouns, Claude systematically misgendered Delia
in the target-language clitic pronouns.

5.3 Comparing NMT and LLMs

The frequency analysis uncovers a fundamental di-
vergence in how NMT systems and LLMs process
queer morphology. This divide can be categorized
into three primary operational paradigms:

1. Passive Evasion vs. Active Neutraliza-
tion: Both types of systems lean heavily on
target-language syntactic parameters to navigate



untranslatable pronouns. NMT systems dropped
the subject pronoun in 33.9% of their total out-
puts. While LLMs also utilized pro-drop fre-
quently (17.1%), they supplemented this eva-
sion with active, fluency-preserving neutraliza-
tion strategies. Tactics such as neutralization via
periphrasis (3.8%) and proper noun substitution
(5.2%) were leveraged by LLMs but were entirely
absent from NMT outputs, highlighting the gener-
ative models’ superior semantic flexibility.

2. Grammatical Default vs. Contextual Bias:
The nature of the bias exhibited by the two
paradigms varies significantly. NMT outputs are
characterized by an oscillating binary default.
They generated masculine agreements (11.5%) for
nouns like freak and defaulted to the generic mas-
culine (6.3%) for plurals. Conversely, LLMs pro-
duced zero instances of masculine misgendering.
Instead, LLMs are caught in a “feminization trap”
(accounting for 32.9% overall misgendering, con-
centrated overwhelmingly on object clitics). In this
paradigm, the semantic inference of a lesbian ro-
mance seems to completely override the explicit
grammatical instructions for neutrality.

3. The Limits of Prompted Inclusivity: While
static NMT models simply delete or ignore source-
text inclusive typography, generative LLMs ac-
tively attempt to replicate it. However, the data
suggests that while LLM generation of neomor-
phemes accounts for roughly 15% of their to-
tal translation strategies, its application remains
highly unstable. The outputs consistently show
that neomorphemes are applied inconsistently to
nouns and adjectives while entirely failing to rec-
oncile them with the surrounding clitic pronoun
chains, ultimately breaking the syntactic cohesion
of the translated sentence.

6 Discussion & Conclusion

The empirical data highlights a fundamental diver-
gence in how NMT and LLMs process non-binary
morphology, significantly impacting both the prac-
tical machine translation post-editing workflow.
NMT errors primarily stem from sentence-level
processing limitations. Without document-level
context, these systems assign gender inconsis-
tently, often alternating between masculine and
feminine for the same referent. In contrast, LLMs
demonstrate a distinct error pattern driven by con-
textual bias rather than random oscillation. Specif-
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ically, the LLMs evaluated here systematically de-
faulted to feminine agreements when encountering
female-coded names or semantic cues associated
with sapphic contexts. This indicates that strong
semantic features in the source text can override
explicit prompt instructions for gender neutrality.
Although output analysis alone cannot isolate the
underlying model mechanics, the consistency of
this bias provides an important empirical observa-
tion that warrants further investigation.

While LLMs successfully rephrase sentences
to create natural, gender-neutral Italian, their at-
tempts to use inclusive symbols (like the schwa or
asterisk) expose major flaws. Rather than adapt-
ing the underlying Italian grammar, the models of-
ten treat these markers as simple visual add-ons.
The resulting output fractures target-language syn-
tax and degrades readability, demonstrating that
current LLMs cannot reliably balance grammat-
ical integrity with visible queer morphology — a
finding consistent with observations for other in-
flected language pairs (Popovié et al., 2025). Ulti-
mately, both systems default to erasing queer iden-
tities without human intervention.

The contrast between NMT and LLM outputs
necessitates different post-editing workflows. By
mapping the typical error profiles of these two
systems, this study provides actionable guidance
on the specific pitfalls translators must check for.
Specifically, NMT requires exhaustive, document-
wide verification to rectify erratic binary agree-
ments and inconsistent pronoun shifts.  Post-
editing LLMs, however, demands complex struc-
tural arbitration. Translators working with LLMs
must actively counter the models’ contextual bi-
ases by manually inserting inclusive morphology
into evasive paraphrases, or by repairing the syn-
tactic fractures that emerge when the models at-
tempt to force typographical inclusivity onto clitics
and other complex structures.

While the findings expose clear trends, this
study is not without limitations. The human-in-
the-loop experiment relies on a relatively small
sample size of participants and focuses on ex-
tracts from a single contemporary novel. Further-
more, the findings are inherently constrained to
the German—Italian language pair. Future research
should expand the participant pool, test a wider
variety of genres, and evaluate how these models
handle non-binary morphology across other mor-
phologically rich languages.
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A Source Texts

The following German source texts were extracted
from the contemporary queer novel Schwindel
(2024) by Hengameh Yaghoobifarah. To ensure
a robust evaluation of the models’ morphosyntac-
tic capabilities, these extracts were slightly mod-
ified from the original published version. These
targeted modifications guarantee that all GFL re-
quirements and specific non-binary markers (such
as dey/demm/deren neopronouns and the _in suffix)
discussed in the main paper are consistently repre-
sented across the test set.

Extract A mit viel kraft dffnete dey die schwere
eingangstiir. vielleicht ist ava stoned eingenickt,
denkt delia beim warten auf den aufzug, die
tiirklingel ist krass penetrant, ihr sound hat demm
schon an zu vielen morgenden zu friih geweckt,
aber man weif} ja nie. immerhin ist ava zuhause.
ohne das handy ist delia sonst aufgeschmissen.
als dey am spdten nachmittag nach hause gekom-
men war, konnte dey es nirgendwo finden.
keiner tasche, in der eigenen wohnung sowieso
nicht, und auf dem radweg zur arbeit hatte dey
es nicht angeriihrt, dey war ohnehin schon spdit
dran gewesen und hatte andere sorgen, als eine
passende playlist fiir unterwegs rauszusuchen. da
dey als kellner_in in einem gut besuchten lokal ar-
beitet, war es demm wdihrend der schicht zu stres-
sig, auf dem display nachrichten zu checken. delias
chef hat demm eh auf dem kieker wegen unpiink-
tlichkeit, vertrdumtheit, tollpatschigkeit und all-
gemeiner unzuverldssigkeit, spaf3 macht der job
nicht, aber welcher tut das schon? auferdem
hat sich der selbst ziemlich unorganisierte chef
keinen gefallen damit getan, sein lokal ausgerech-
net auf dem platz an der uniiberschaubarsten
strafienkreuzung der stadt zu erdffnen, wo delia
unter den riesigen leuchtreklamen, den scharen an
tourist_innen und dem verkehrsldrm bereits vollig
reiziiberflutet die schicht antritt.

in

Extract B die hohenangst plagt delia schon seit
dey kind war. und je mehr leute demm an-
glotzten, desto weiter scheint der abstand zum bo-
den zu werden. als delia in der achten klasse
vor allen mitschiiler_innen ins schwimmbecken
springen sollte, wurde dey ohnmdchtig. locker
zehn minuten hatte delia davor starr dagestanden.
wobel, es hditten auch zwei sein konnen. dey hatte
jegliches zeitgefiihl verloren. alles, worauf dey
sich fokussierte, war das raster der hellblauen
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fliesen, die durch die wasseroberfliche ganz verz-
errt aussahen. wibbelwobbel. delia kann sich
nicht daran erinnern, ob die matrix der realitdit
Jjemals mit geraden linien gezeichnet worden war.
alles war schon immer so krumm. von deren
riickenhaltung ganz zu schweigen. wibbelwobbel.
delias korper in bewegung - wibbelwobbel. die
Sfeuchte luft im hallenbad - wibbelwobbel. die stim-
men um delia herum - wibbelwobbel. weit weg,
als wdre dey lingst hineingesprungen und wiirde
hinuntersinken. war es maoglich, zu ertrinken,
ohne sich iiberhaupt im wasser zu befinden? delia
wollte nicht rein, aber noch weniger wollte dey,
dass der korper angegafft wurde. wibbelwobbel.
delia hatte beim anstehen gehort, wie die mddchen
im fliisterton dariiber ldisterten, dass dey eine
badeshorts >wie von einem opa< und dazu ein
langes schwimmshirt trug. wibbelwobbel. was fiir
ein freak.

Extract C als kiffer_in saugte dey alles auf, hielt
den rauch fiir einige sekunden und atmete ihn
schlieflich aus. ava zog delias kinn zu sich und
kiisste demm. es fiel delia leicht, sich darauf einzu-
lassen, die anspannung fiel schlagartig von ihr ab.
als ihre lippen sich voneinander losten, legte ava
demm den joint an den mund und dey nahm einen
tiefen zug aus ihrer hand. >schau mich dabei an<,
forderte ava demm auf. delia zog noch mal dran
und Offnete die augen diesmal. >gut so.< delia
hielt den nebel solang dey konnte, bis ava demm
erloste und alles wieder heraussaugte. so reichten
sie sich den joint hin und her, bis er herunterge-
brannt war und ava ihn ausdriickte. die lieb-
haber_innen lagen nebeneinander. ava zog delia
an der taille zu sich und hort mit dem kiissen nicht
auf. dey hielt die augen zu. delia rechnete damit,
dass jeden moment der sog einsetzte. dieses zap-
pen durch die gedanken, durch die orte, durch
szenen, dem dey sich nicht entziehen konnte. doch
delia blieb hier. die beriihrungen fiihlten sich ein-
fach so gut an, dass deren kopf einen besseren
deal witterte, wenn dey prisent blieb, statt sich
wegzubeamen. delia hatte angst vor dem moment,
die eigenen arme benutzen zu miissen, doch dazu
kam es gar nicht.



B Participant Prompts for Generative
LLMs

To evaluate dynamic, human-in-the-loop gener-
ative translation, participants were tasked with
prompting LL.Ms to translate the source extracts
into Italian while adhering to GFL principles.
The prompts used during the experiment varied in
length, context, and specificity, reflecting a range
of realistic zero-shot prompting strategies. The ex-
act prompts submitted by participants to the mod-
els are listed below.

P1 (Italian/German):

4 R
Promptkannst du es ins italianische
ibersetzen?

AN J

P2 (Italian):

Traduci il seguente estratto in
italiano mantenendo un linguaggio di
genere inclusivo e mantendo comungue
uno stile informale

identita di genere e delle dinamiche
relazionali. La traduzione italiana
deve riflettere questa attenzione,
mantenendo equilibrio tra leggibilita
e fedelta all’intento politico e
stilistico del testo originale.

queste sono le indicazioni traduttive:
Tono e stile: Mantenere la vivacita
e 1’ironia del testo originale;
evitare toni troppo formali o
letterari. Inclusivita linguistica:
Rispettare il linguaggio di genere
neutro o inclusivo, adattandolo

alla sensibilita e alle convenzioni
dell’italiano contemporaneo (non ci
sono linee guida editoriali precise).
Lessico e registro: Prediligere un
italiano fluido e naturale, con scelte
lessicali che rendano la voce dei
personaggi credibile e coerente con

il contesto urbano e contemporaneo.
Riferimenti culturali: Adattare

con attenzione riferimenti culturali

e giochi di parole, privilegiando
soluzioni creative e comprensibili per
il pubblico italiano.

P7 (Italian):

P3(Italian):

Traduci il seguente testo in italiano,
facendo attenzione a: mantenere il
tono del testo originale, rispettare
il linguaggio di genere neutro o
inclusivo, usare un italiano fluido

e naturale, adattare riferimenti
culturali e giochi di parole

P4 (Italian):

mi serve una traduzione dal tedesco
all’italiano. voglio che rispetti
il linguaggio di genere e he il
linguaggio sia colloquiale

P5 (Italian):

Traduci il seguente testo, scritto
in tedesco, in italiano standard.
Mantieni il tono ironico, lo stile
informale e il linguaggio inclusivo
di genere, rendendolo in italiano
standard.

P6 (Italian - Context Aware):

mi servirebbe che traducessi un
passaggio di un romanzo dal tedesco
all’italiano. si tratta di questo
romanzo: Schwindel & un romanzo
che esplora relazioni affettive e
desiderio in una prospettiva queer,
con un linguaggio fluido, ironico

e colloquiale. L’autrice utilizza
un registro contemporaneo e un uso
consapevole del linguaggio inclusivo
(ad esempio \Liebhaber_innen") per
esprimere la complessita delle
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Traduci il testo che ti fornisco in
italiano rispettando il linguaggio di
genere neutro o inclusivo, adattandolo
alla sensibilita e alle convenzioni
dell’italiano contemporaneo (non ci
sono linee guida editoriali precise).
Lessico e registro: Prediligere un
italiano fluido e naturale, con scelte
lessicali che rendano la voce dei
personaggi credibile e coerente con

il contesto urbano e contemporaneo.
Riferimenti culturali Adattare con
attenzione riferimenti culturali

e giochi di parole, privilegiando
soluzioni creative e comprensibili per
il pubblico italiano.

P8 (Italian):

traduci questo estratto dal tedesco
all’italiano tratto dal libro
"Schwindel" di Hengameh Yaghoobifarah.
considera che & un romanzo di
narrativa queer contemporanea.
rispetta lo stile, mantieni la
naturalezza del testo in italiano,

e usa un linguaggio di genere
neutro/inclusivo:

P9 (Italian):

letterario
attenzione al

Traduci questo testo
in italiano, facendo
linguaggio inclusivo:

P10 (Italian):

puoil tradurre dal tedesco all’italiano
questo testo ricordandoti di
mantenere il registro colloquiale e




il linguaggio di genere ma facendo in
modo che quest’ultimo suoni naturale
in italiano e dungue non vengano usate
formule poco idiomatiche?

P11 (Italian - Detailed GFL Specifica-

tions):

P
Traduci il seguente testo dal tedesco

all’italiano adottando una strategia
traduttiva tenendo presente che
contiene casi di linguaggio neutro

e inclusivo (e.g., "kiffer_in",

"demm" come pronome neutro simile al
them in inglese, "liebhaber_innen").
Mantieni il testo facilmente leggibile
mettendo comunque enfasi sull’identita
queer di alcuni dei personaggi: in
particolare, Ava usa il femminile,
mentre Delia usa pronomi neutri.
Proponi tre traduzioni diverse.

P12 (Italian):

Fammi la traduzione in italiano di
un estratto dal libro Schwindel,
mantenendo uno stile fluido e non
troppo formale, facendo attenzione
all’inclusivita della lingua.
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C Extended Quantitative Results

Extract B (NMT) Extract C (LLMs)
Seg. Word Class German Seg. Word Class German
1 Subj pronoun  Dey 1 NB noun Kiffer_in
1 NB noun Kind 1 Subj pronoun  Dey
2 Obj pronoun Demm 2 Obj pronoun Demm
3 Plural noun Mitschiiler_innen 3 Obj pronoun Demm
3 Subj pronoun  Dey 3 Subj pronoun  Dey
3 Adj/participle =~ Ohnmichtig 4 Obj pronoun Demm
4 Adj/participle  Dagestanden 5 Subj pronoun  Dey
5 Subj pronoun  Dey 5 Obj pronoun Demm
6 Subj pronoun  Dey 6 Plural noun Liebhaber_innen
6 Adj/Participle ~ Fokussiert 6 Adj/participle  Nebeneinander
7 Poss pronoun  Deren 7 Obj pronoun (required in IT)
8 Subj pronoun  Dey 8 Subj pronoun  Dey
8 Adj/participle ~ Hineingesprungen 9 Subj pronoun  Dey
9 Subj pronoun  Dey 10 Poss pronoun  Deren
10 Subj pronoun  Dey 10 Subj pronoun  Dey
11 NB noun Freak

Table 5: Comparison of segments, word classes, and German terms containing or requiring GFL markers between Extract B

and Extract C.

This appendix provides a granular, segment-by-
segment breakdown of the source text constraints
and the corresponding outputs generated during
the experiment.

To ensure a rigorous comparison between static
NMT and LLM outputs, it is critical to map the ex-
act occurrences of non-binary morphology in the
source texts. Table 5 maps the specific segments
containing GFL across Extract B (NMT) and Ex-
tract C (LLMs). Despite minor lexical differences,
the extracts share a highly comparable morphosyn-
tactic structure, allowing for a direct evaluation
of how each system handles specific word classes
(e.g. subject pronouns, object pronouns, and non-
binary nouns).

Tables 6 and 7 detail the exact frequency of spe-
cific translation strategies applied by the models,
broken down by word class.

Table 6 illustrates the outputs from the tradi-
tional NMT systems. The data clearly reflects
the algorithmic rigidity discussed in the main text.
Faced with non-binary source morphology, NMT
heavily relies on syntactic evasion, most notably
utilizing Italian’s pro-drop feature (63 instances)
to omit subject pronouns entirely. When evasion
is impossible, the systems default to severe binary
misgendering, split between masculine and femi-
nine.

Conversely, Table 7 captures the results of the
prompt-driven LLM generations. Here, we ob-
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Word Class Translations & Counts

Subject pronoun 63 pro-drop, 6 untranslated, 3 mistrans-

lation

Object pronoun 12 misgendering-feminine

Pron_Poss 10 misrecognition, 2 no GFL required

Non-binary noun 12 misgendering-feminine, 12
misgendering-masculine

Plural noun 12 generic masculine

Adj/Verb 32 misgendering-feminine, 9
misgendering-masculine, 6 no GFL

required, 1 misrecognition

Table 6: General NMT results: Frequency of translation
strategies applied per word class, demonstrating high rates of
evasion (pro-drop) and binary misgendering.

serve a significantly wider variance in strategic ap-
proaches. While misgendering (particularly hyper-
feminization) remains prevalent, LLMs actively at-
tempt to generate visibly inclusive texts. This in-
cludes typographical interventions (schwa, aster-
isk, slash), strategic neutralization (using periphra-
sis or synonyms), and noun substitution. However,
this generative flexibility also introduces novel er-
ror types not seen in NMT, such as ungrammatical
calque translations and structural mistranslations.



Word Class

Translations & Counts

Subject pronoun

Object pronoun

Non-binary noun

Plural noun

Adj

36 pro-drop, 35 untranslated, 9 neutral (name
instead of pronoun), 5 calque translation, 5
misgendering, 2 schwa

50 misgendering-feminine, 10 untranslated, 6
schwa, 5 asterisk, 4 calque translation, 2 neu-
tral (name instead of pronoun), 1 neutral (pe-
riphrasis), 1 neutral (element removed), 1 no
translation

6 schwa, 5 neutral (periphrasis), 4 mistransla-
tion (Kiffero), 2 misgendering-feminine, 1 as-
terisk, 1 schwa+asterisk, 1 schwa+underscore

8 misgendering-feminine, 5 schwa, 2 neutral
(periphrasis), 1 slash

8 misgendering, 4 schwa, 2 asterisk, 2 neutral
(synonym)

Table 7: Geenral LLM generation results: Frequency of
translation strategies applied per word class, highlighting the
introduction of neomorphemes (schwa, asterisk) alongside
persistent hyper-feminization and calque errors.
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Abstract

This paper investigates how gender-fair
strategies in source texts influence the
production of non-binary translations in
the Italian to German combination. We
use a controlled test set featuring bi-
nary and non-binary approaches to assess
their effectiveness for non-binary render-
ings in the target language. We also intro-
duce an automatic evaluation framework
that classifies target sentences into four
categories: non-binary, binary-gendered,
single-gendered, and incoherent. Relying
on human analysis, we compare Reasoning
LLMs against standard inference, exam-
ining whether reasoning improves trans-
lation quality and automatic evaluation.
Our results show that reasoning models are
more successful in shifting from binary to
non-binary formulations and in handling
linguistic challenges such as epicene terms
and special characters, although there are
no improvements in sentence-level consis-
tency and evaluation accuracy. A qualita-
tive analysis of German translations shows
that reasoning encourages the reformula-
tion of source-side strategies through neu-
tralization, visibility strategies, and para-
phrasing, resulting in more natural target
texts.

1 Introduction

Machine Translation (MT) output still suffers from
heavy gender bias (Rescigno and Monti, 2023;

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
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Zahraei and Emami, 2025), more acutely in lan-
guages with grammatical gender like Italian and
German (Stanovsky et al., 2019). At the same
time, companies and institutions are increasingly
adopting gender-fair writing practices. This is pop-
ularizing a wide range of strategies for linguistic
inclusion designed to avoid the use of masculine
forms to refer to people of all genders and gen-
der identities (generic masculine). The preferred
strategy is usually defined in style guides, organi-
zational policies, or shared conventions. For these
stakeholders, inconsistent or inadequate rendering
of gender-fair language in the target text can hinder
inclusive communication in multilingual settings
and increase the post-editing effort. In the age of
the widening democratization of MT to lay users
(Savoldi et al., 2025b), ensuring that translations
remain trustworthy and aligned with their intended
purpose is of growing importance. Achieving this
requires moving beyond a narrow focus on seman-
tic equivalence (Reiss and Vermeer, 2013). Trans-
lations must also reflect the communicative pur-
pose and stance intended for the target audience.
This may fail when languages differ in how they
encode gender. LLMs may stick to literal, trans-
lationese renderings (Li et al., 2025). However,
this can preclude more effective or appropriate so-
lutions in the target language.

In this respect, Italian to German translation
poses a non-trivial challenge for NLP. The two lan-
guages differ in their morphological and typolog-
ical systems as well as in the resources they of-
fer for gender-fair expression (e.g., the number of
gender-neutral options and the use of special char-
acters or new morphemes as inclusive devices).
In addition, gander-fair writing conventions have
been disseminated at different times and to varying
degrees. In the bilingual Italian region of South

Proceedings of the 4th Workshop on Gender-Inclusive Translation Technologies (GITT 2026), pages 49-72
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Tyrol, the two languages are used together, and
the translation of official documents and texts must
cope with existing practices and regulations'. For
this reason, we rely on a test set designed to as-
sess how LLMs render the gender strategies em-
ployed in source texts. We start from a set of
12 gender-fair strategies, covering both binary and
non-binary approaches. Each strategy comprises
at least 20 sentences based on administrative and
legal texts to evaluate LLM performance in pro-
ducing fully inclusive translations and monitoring
the preferred strategies used in the German target
texts.

Historically, gender-fair translation has been
difficult to address through model adaptation,
largely due to the scarcity of high-quality,
annotated training data (Saunders and Byrne,
2020). As a result, prior work has partly relied
on training-free approaches (Mohapatra and
Nirmala, 2025; Doyen and Todirascu, 2025).
We follow this line by investigating the potential
of Reasoning LLMs (RMs) for both translation
and evaluation tasks. The emergence of RMs
has opened the possibility of inducing reasoning
on the resolution of complex tasks. We assume
that reasoning may allow models to engage
with potentially contentious passages to devise
more appropriate realizations. By comparing
two LLMs—one enabled with reasoning mode
and the other not—we aim to assess whether
allocating additional inference-time computation
to parametric knowledge improves the generation
of non-binary translations. We also evaluate which
gender-fair strategies in the source text facilitate
the production of non-binary translations. Relying
on human annotation and analysis, we answer the
following research questions:

RQ 1: To what extent do models maintain
or adapt the gender-fair approach featured in the
source text to a non-binary translation?

RQ 2: How does the gender strategy used in the
source text influence the likelihood of producing a
non-binary translation?

RQ 3: To what extent do models maintain a
single gender-fair approach consistently within the
target translation, even when faced with noisy gen-
der cues in the source text?

RQ 4: Does reasoning improve the automatic
evaluation of the gender-fair approach displayed in

"Provincial Law No. 51/2010, Art. 8
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the target text?

2 Background

2.1 Terminology used in this paper

We distinguish gender-fair strategies into two main
approaches, binary and non-binary. Binary ap-
proaches explicitly express masculine and femi-
nine forms (Diewald and Niibling, 2022), making
women visible in language. In Italian, the order
of the elements may vary. In German, the femi-
nine form generally precedes the masculine. Non-
binary approaches emphasize inclusive forms that
go beyond this binary categorization and aim to
represent a wider range of gender identities (Lohr,
2022; Lardelli and Gromann, 2022). Within non-
binary approaches, we further distinguish visibil-
ity strategies, which make genders beyond the bi-
nary distinction visible, and neutralization strate-
gies, which remove gender cues altogether (Mor-
genroth and Ryan, 2021)?. The former group also
includes the use of neomorphemes (such as schwa
in Italian) (Marenghi et al., 2026) and special char-
acters (such the asterisk in German) to signal the
inclusion of genders beyond the binary distinction.
See Table 1 and Appendix A for examples in Ital-
ian and German. For an overview, see De Cesare
and Giusti (2024), Comandini (2021), and Diewald
(2022).

2.2 Grammatical gender in Italian and
German

Both German and Italian have gender as a gram-
matical category. Italian distinguishes two gen-
ders for “cat”—masculine (il gatto) and feminine
(la gatta)—whereas German has three: masculine
(der Kater), feminine (die Katze), and neuter (das
Kiitzchen). In both languages, gender assignment
can be motivated morphologically (e.g., suffixes,
word endings), semantically (e.g., natural gender,
group membership), and by phonological patterns
(e.g., consonant clusters). In Italian, more than
70% of nouns follow a regular morphological pat-
tern in which gender is determined by the final
vowel (Chini, 1998). In German, by contrast, gen-
der assignment is much more irregular.

Gender agreement Gender-differentiated ele-
ments within a sentence must agree with the gen-
der of the noun. In both Italian and German these

The cited authors refer to these concepts as multigendering
and degendering in their work.



are articles, pronouns, and adjectives used attribu-
tively within the noun phrase.

Differences exist with predicative adjectives (lui
¢ stanco/lei e stanca — er/sie ist miide, “he/she is
tired”), the past participle (lui é stato/lei e stata —
er/sie ist gewesen, “he/she was”), as well as the
indefinite forms (nessuno/nessuna della classe —
niemand aus der Klasse, “nobody from the class”),
for which no feminine alternative form exists in
German. Nevertheless, the indefinites (due to the
grammatical inherent masculine gender (Wollstein
and Dudenredaktion, 2022; Eisenberg, 2020)), the
pronominal repetition (Pittner, 1998) with mascu-
line reference (niemand, der..., “nobody who”),
and the morphological similarity caused by the et-
ymological origin of the morpheme man>(Pfeifer,
2005) have created controversy in gender linguis-
tics. Some guidelines (Angsal, 2015) recom-
mend avoiding them, while others describe them as
generic or gender-neutral (Diewald and Niibling,
2022).

Unlike Italian, which has a parallel system
with each singular article corresponding to its
own gender-differentiated plural form (Calpestrati,
2022), German has a convergent system of ar-
ticles in which gender is identified only by the
singular forms (Donalies, 2018). As for person
nouns, Italian and German distinguish forms by
gender and number. Due to the convergent sys-
tem of articles in German, substantivized partici-
ples in plural (e.g., die Teilnehmenden, ‘“‘the par-
ticipants”) can be used to replace gender-marked
forms, whereas Italian distinguishes two genders
in the article (i partecipanti vs le partecipanti,
“male” vs “female parrticipants™), so these forms
are binary gendered.

Gender and Language In addition to the gram-
matical category grammatical gender, we distin-
guish referential gender that relates the linguistic
to the extralinguistic reality. In fact, for human
referents, the grammatical gender largely reflects
the (male or female) sex of the referent. However,
while grammatically masculine person nouns are
often used to refer generically to referents of any
gender, grammatically feminine nouns tend to be
female-specific (Hellinger and Bumann, 2015).
As language is conceived “as a tool for articulat-
ing and constructing personal identities” (Savoldi
et al., 2021), the non-linguistic category of social

3In German, man is used as an impersonal pronoun, compa-
rable to “you” or “one” in English
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gender “reflects social and cultural stereotypes”
(BuBmann and Hellinger, 2003) and refers to so-
cially imposed (male or female) gender roles. It is
important to note that “gender encompasses multi-
ple biosocial elements not to be conflated with sex
[...],and [...] some individuals do not experience
gender, at all, or in binary terms” (Savoldi et al.,
2021). Several approaches have been developed to
make the existence of non-binary individuals visi-
ble in language (see subsection 2.1).

Studies have consistently shown that masculine
nouns and pronouns, despite being often used to
refer to all genders, are not interpreted in a truly
gender-neutral way. They systematically evoke
male-biased mental representations, with women
and non-binary persons requiring longer process-
ing times to be reckoned, while inclusive lan-
guage increases their mental representation (Wo-
jahn, 2013; Lindqvist et al., 2019; van Berlekom
et al., 2024; Renstrom et al., 2024).

Across different languages and experimental
settings, evidence indicates a robust cognitive link
between grammatical and social gender (Schu-
nack and Binanzer, 2022; Lindqvist et al., 2019;
Sczesny et al., 2016). Moreover, number mat-
ters, as plural forms are more likely to be in-
terpreted as gender-neutral than singular forms
(Broder, 2024). For German legal language,
Steiger-Loerbroks/von Stockhausen (2014) found
that gender-unmarked role nouns lead to a stronger
cognitive inclusion of women and are rated as
more comprehensible and gender-fair than generic
masculine forms.

2.3 Related works

Datasets for evaluating the use of gender-fair
strategies in machine translation have prolifer-
ated in recent years. Natural datasets are typi-
cally derived from authentic texts for benchmark-
ing (Lardelli and Gromann, 2023), with Gente
(Piergentili et al., 2023) and mGente (Savoldi et
al., 2025a) also offering the corresponding neutral-
ized versions as contrastive examples. Other re-
sources adopt a more controlled or semi-synthetic
design. INES (Savoldi et al., 2023) contains syn-
thetically generated sentences, while Jourdan et
al. (2025) use human-authored data specifying the
gender stereotypical bias.

GATE (Rarrick et al., 2024) applies target-
language rewriting across binary genders, while
Neo-GATE (Piergentili et al., 2024) extends



this paradigm by incorporating neomorphemes.
Datasets that capture non-binary phenomena
(Fririksdottir, 2024; Piergentili et al., 2024) are
particularly valuable given the relative scarcity of
such forms in large-scale web data.

With respect to the suitability of neutralization
strategies, Paolucci et al. (2023) highlight the im-
portance of examining which source-side strate-
gies are more amenable to machine processing,
although their analysis centers on human transla-
tor preferences. To our knowledge, Piergentili et
al. (2025) provide the only comprehensive frame-
work for the automatic evaluation of the gender ap-
proach used in translation.

2.4 Reasoning in LLMs

LLMs have demonstrated the ability to perform
diverse tasks without specific training, making
prompting a common strategy for conveying gen-
eral instructions (Liu et al., 2023). However,
prompting reveals clear limitations in specialized
or cognitively demanding scenarios. This has mo-
tivated efforts to instill stronger reasoning capa-
bilities that enable models to handle semantically
and logically ambiguous problems without relying
on computationally expensive post-training proce-
dures.

Early methods focused on eliciting reasoning
through explicit instructions such as “think step by
step” (elicitive prompting) (Kojima et al., 2022) or
by providing structured reasoning examples via in-
context learning (Dong et al., 2024). While effec-
tive to some extent, these approaches often con-
strained outputs to familiar formats and lengths,
limiting the exploration of alternative reasoning
paths that could better leverage latent knowledge.
Later work introduced the use of unbounded in-
termediate reasoning traces, or “scratch pads”, al-
lowing models to externalize multi-step reasoning
processes (Nye et al., 2021). Techniques such as
iterative self-questioning further encouraged mod-
els to reassess intermediate conclusions, revealing
a positive relationship between reasoning depth
and output quality, as well as early signs of self-
reflection and answer revision without external
feedback (Madaan et al., 2023; Press et al., 2023).

Recent advances show that reasoning abilities
can be optimized during training, removing the
need for explicit human supervision (Guo et al.,
2025). The introduction of RMs enables “native
thinking” through test-time scaling (Wang, 2025;
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Muennighoff et al., 2025). In this paradigm, mod-
els dynamically allocate tokens to an explicit rea-
soning phase before producing final outputs. This
increased inference-time computation allows mod-
els to defer answers and engage in deeper deliber-
ation over contentious passages.

We argue that these properties can be rele-
vant for gender-fair translation. Test-time scaling
may enable models to allocate additional reason-
ing to exclude gender-marked alternatives and en-
sure contextually appropriate, consistent, and flu-
ent translations that adapt to user constraints.

3 Test set

We use a subset of the LegISTyr test set* (Di Na-
tale et al., 2025). LegISTyr addresses common le-
gal translation issues from Italian into South Ty-
rolean German. The subset consists of 272 Ital-
ian sentences adapted from real-world instances in
public administration and legal texts.

When necessary, we edit the source sentences
by altering only one focus word according to the
corresponding strategy (seeTable 1), leaving the
remainder of the sentence unchanged. Overall,
the test set comprises 140 binary and 132 non-
binary focus words. This setup allows us to as-
sess: 1) how models manage the translation of
a binary/non-binary focus word into a non-binary
strategy and 2) the ability of the model to extend
gender-fair strategies to the remainder of the gen-
dered source text, with a view to keeping approach
consistency even in noisy scenarios. One such sce-
nario aims to simulate realistic conditions in which
masculine-marked sentences are minimally edited
to facilitate the production of a gender-fair transla-
tion.

4 Experimental setup

For the comparison between reasoning and non-
reasoning models, we use Deepseek-V3 (V3)
and Deepseek-R1 (R1) respectively, because they
are fully open with transparent training recipes.
Our prompt (Appendix E) requests a non-binary
gender-fair translation.  Models are accessed
through the OpenRouter API°, which routes re-
quests across multiple backend providers. The
temperature is set to 0.02.

*LegISTyr was published under a CC BY-NC 4.0 license. The
subset on gender has not been used or described in previous
work.

>https://openrouter.ai/



Strategy Abbreviation Description Example Gloss Instances
Binary-gendered approaches
Full split form Fsf Both masculine and feminine forms are il lavoratore o la la- the worker (m) and 20
mentioned in full voratrice the worker (f)
Full split form with an  Fsf omitted In multiword terms, the variable part of  le studentesse e gli ~ the university stu- 20
omitted part of the term the term is indicated with the male and studenti universitari dents (m) and stu-
female forms dents (f)
Full split form with slash Fsf slash Masculine and feminine forms separated ~ un collaboratore /  a collaborator (m) / 20
by slash una collaboratrice a collaborator (f)
Full split form with arti-  Fsf epicene Epicenes are nouns whose grammatical ~ una o un paziente a (f) or a (m) patient 20
cle or preposition before gender is realized exclusively through
epicene term agreement targets (e.g., articles, adjec-
tives, and pronouns), in this category
both are explicitly expressed
Full split form with arti-  Fsf epicene slash Epicenes are nouns whose grammatical ~ un/una rappresen- a (m/f) representa- 20
cle or preposition before gender is realized exclusively through  tante tive
epicene term with slash agreement targets (e.g., articles, adjec-
tives, and pronouns), in this category
both explicitly expressed and separated
by a slash
Contracted split form Contracted sf Only gender morphemes are marked  alunno/a student (m/f) 20
with a slash
Full and contracted split ~ Pronoun clitics sf Gendered pronouns or clitics are both ex-  lei/lui; seguirli/le she/he; follow them 20
forms of pronouns and cl- pressed (m/f)
itics
Non-binary approaches
Epicene terms INV epicenes Epicenes are nouns whose grammatical ~ paziente patient (gender- 30
gender is realized exclusively through neutral)
agreement targets (e.g., articles, adjec-
tives, and pronouns), in this category, no
gendered referents are expressed
Invariable terms INV Nouns that do not inflect for referential vittima victim (gender- 27
gender neutral)
Collective terms COL Collective nouns without individual gen-  cittadinanza the citizenry 25
der marking
Neomorpheme schwa SCHWA Use of the special character schwa (o) lo lavoratoro the worker (inclu- 30
sive form)
Asterisk AST Use of the special character * lavorator* worker* (inclusive 20
form)

Table 1: Description of the strategies featured in the LegISTyr test set.

For the meta-evaluation, we use a different
architecture—GPT 4.1 and GPT 5.1 as non-
reasoning and reasoning evaluators—to mitigate
self-evaluation bias (Zheng et al., 2023). Follow-
ing Piergentili et al. (2025), we provide task in-
structions, case-specific guidance, and examples
for each strategy. We additionally require phrase-
level labels for units referring to human beings
before assigning a sentence-level label, although
only the final sentence label is considered in our
analysis. Appendix F reports the full evaluation
prompt, including the enumeration of a variety of
cases specific to Italian—-German combination and
the expansion of output labels to four: Non-binary-
gendered, Binary-gendered, Single-gendered, and
Incoherent (for conflicting or invalid strategies
across the sentence).
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4.1 Human Evaluation

The annotations are at the focus word level, con-
cerning only the translation of the modified focus
word that displays the gender-fair strategy, and at
the sentence level, evaluating the gender-fair ap-
proach of the whole sentence. The human eval-
uator follows the same guidelines provided to the
model (see Appendix F) and uses the same labels.

4.1.1 Anneotation choices

We explain our decisions for contentious cases.
We consider compound nouns as non-binary only
if the person noun at their base is not transparently
derived from an entire masculine form in contem-
porary German. Words that are fully lexicalized
and no longer perceived as gender-marked (e.g.,
Kundschaft, “clientele”) are treated as non-binary,
whereas compounds with a transparently mascu-
line headword (e.g., Schiilerschaft, “student body”,
from masculine Schiiler, “students”) are treated



as single-gendered. To escape a single-gendered
masculine designation, a feminine marker or a
non-binary word must appear at least once in the
compound: we accept der/die Biirgerbeauftragte
(“ombudsman/woman’) but not Seniorenresidenz
(“retirement home for male seniors”).

We categorize sentences that include indefinite
pronouns such as wer and man as single-gendered
masculine (Wollstein and Dudenredaktion, 2022;
Eisenberg, 2020). We detail the prompt with such
examples.

4.1.2 Annotation of strategies in German
translation

We annotate the specific type of gender-fair
strategy in the German output. As it may differ
from Italian equivalent strategies, we classify Ger-
man strategies throughout the annotation process
whenever they diverge from their Italian counter-
parts. The full list and description of observed Ger-
man strategies can be found in Appendix B.

While most strategies match, some strategies
featured in the Italian source (e.g., split forms
of plural articles) cannot apply to German out-
put, where equivalent forms may be inherently
gender-neutral. For instance, plural participles
and pronouns in German do not express gender
and are therefore treated as neutral. To account
for such cases, we introduce additional annota-
tion categories (e.g., generic pronoun). More-
over, Italian epicene® terms cannot always be di-
rectly transposed into morphologically equivalent
gender-neutral nouns in German (except for loan-
words such as Barista). Instead, possible realiza-
tions include plural participle nouns (Lehrende),
invariable nouns (Lehrkraft), or collective nouns
(Lehrpersonal), all meaning “teaching staff”.

5 Results
51 ROQ1

Our first research question examines to what extent
the models produce a non-binary translation of the
focus word based on their source-side gender ap-
proach and whether reasoning has an influence.
V3 shifted from a binary to a non-binary trans-
lation in 44.3% of cases (see Table 2). R1, by con-
trast, achieved non-binarization of a binary input
in 67.1% of cases. This suggests that reasoning

SEpicene nouns do not encode gender morphologically. How-
ever, it can be expressed through agreement on associated el-
ements such as articles, adjectives, and pronouns.

54

helps transform binary input into non-binary out-
put more effectively. R1 is also much more likely
to keep a non-binary approach in the target text.

To characterize the output of binary-gendered
input, we examine the consistency rate (Table 3),
defined as the frequency with which the source-
side approach is preserved in the target. Unsur-
prisingly, the lower non-binary rate observed for
binary inputs is largely due to the higher reten-
tion of binary approaches. V3 preserves binary-
gendered expressions in 40.7% of cases, whereas
R1 does this much less frequently. This suggests
that reasoning is more effective in complying with
the non-binary translation prompt.

We also measure the failure rate, defining it as
the rate of single-gendered or incoherent trans-
lations (Table 4). For both models, non-binary
input is more likely to produce an entirely non-
compliant translation, though reasoning mitigates
this effect in both absolute and relative terms.

Source Approach | Non-binary Rate
V3 R1
BINARY-G. 443%  67.1%
NON-BINARY 57.6%  82.6%
Total 50.7%  74.6%

Table 2: Non-binary rate measures the frequency of non-
binary translations.

Source Approach | Consistency Rate
V3 R1

BINARY-G. 40.7%  25.0%

NON-BINARY 57.6%  82.6%

Table 3: Consistency rate measures how often the source-side
approach is preserved in the translation.

Source Approach | Failure Rate
V3 R1
BINARY-G. 15.0% 7.9%
NON-BINARY 303% 12.9%
Total 22.4% 10.3%

Table 4: Failure rate reflects the proportion of outputs that are
either single-gendered or incoherent.

5.2 RQ2

Our second research question characterizes which
Italian source strategies facilitate the process of
producing a non-binary translation of the focus
word in German. It further examines which strate-
gies are more easily preserved in the translation
process (Table 5). Generally speaking, agreements
involving pronouns and particles (Pronoun clitics



sf) are easier to transpose to non-binary formula-
tions than nouns, while the use of split forms (Fsf
omitted and F'sf slash) poses difficulties.

For V3, split forms of nouns tend to show lower
non-binary rates than other strategies. The most
evident pitfall lies in the recognition of epicene
terms, whether their gender is marked in the source
segment or not. To improve non-binary out-
put, V3 benefits from source segments with fo-
cus words that are already non-binary: collective
nouns (80%) and nouns with an asterisk (70%)
are the most suitable solutions, whereas the schwa
fails to produce non-binary translations. There is a
clear gap between binary and non-binary input.

Reasoning yields benefits across all source
strategies, particularly for epicene terms. As Ital-
ian epicenes often translate to gendered German
words, letting models reason allows them to forgo
the immediate, gendered translations in German
and find more appropriate expressions. Another
benefit is an improved understanding of visibility
strategies, as evidenced by the highest non-binary
rate observed for source segments containing as-
terisks (90%).

Source Strategy | Non-binary Rate
V3 R1
Binary approach
Fsf 50.0%  75.0%
Fsf omitted 30.0%  70.0%
Fsf slash 30.0%  60.0%
Fsf epicene slash | 45.0%  60.0%
Fsf Epicene 25.0%  60.0%
Contracted sf 45.0%  55.0%
Pronoun clitics sf | 85.0%  90.0%
Non-binary approach
INV Epicenes 36.7%  80.0%
Invariable 66.7%  17.8%
Collective 80.0%  84.0%
Schwa 433%  83.3%
Asterisk 70.0%  90.0%

Table 5: Non-binary realizations rate in the German transla-
tion of focus words, divided by input strategy and model.

Subfocus RQ 2.1: Strategy rendering We ob-
serve the annotation of the German strategies used
in the target texts. The matrices of strategy render-
ings in Appendix C show that some source strate-
gies are more consistently preserved in the German
output than others, the tendency being stronger
when reasoning is activated. This may reveal that
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reasoning helps not only to maintain the same ap-
proach, but also to find the closest rendering of
the source strategy in the target language. In both
models, collective terms (COL) are the most stable
category, with a large proportion of Italian collec-
tive terms also being translated as collective terms
in German, followed by invariable terms (INV).

When some source strategies would transfer
poorly to German, reasoning has the positive effect
of retaining them less often and transforming them
into more natural constructions. V3 often renders
split forms in Italian (Fsf categories) with other
split forms in German, while reasoning shows the
capacity to tap into a wider array of non-binary
alternatives for the same source, such as German
collective (COL) and invariable nouns (INV) or
special characters such as asterisks. When it is
the Italian source that employs a neormorpheme
in the focus word, reasoning helps preserve vis-
ibility strategies in the German translation (AST,
COLON), while V3 fails to do so.

Overall, reasoning seems to help find alterna-
tive phrasings that diverge from the surface struc-
ture of the source text while maintaining a non-
binary approach that sounds more natural in the
target language. For example, R1 renders the Ital-
ian split form I/ revisore o la revisora unica (‘“‘male
or female sole external auditor”) as Die revi-
sionsfiihrende Person, a concise neutralized term,
while V3 proposes a split form (Der einzig beauf-
tragte Rechnungspriifer oder die einzig beauf-
tragte Rechnungspriiferin).

Epicenes and split forms of pronouns and clitics
usually cannot be transposed with direct equiva-
lents in German because of language differences.
This causes their overall lower non-binary trans-
lation rates. Reasoning seems to provide advan-
tages especially in these cases, when deeper elab-
oration leads to effective German paraphrases. For
epicene categories, this happens by means of in-
variable nouns (/NV) and asterisk forms (AST).
We also highlight that V3 delivers a higher num-
ber of generic masculine forms, often interpret-
ing invariable nouns as implicitly masculine (/a
guida, gender-neutral “guide” — der Fiihrer male
“guide”).

Subfocus RQ2.2: Special characters We ana-
lyze how models render the neomorpheme schwa
and the asterisk special character in the output.

V3 struggles to maintain asterisk forms, with
an agreement rate of 35%. The asterisk was only



rarely used to translate the focus word. When the
source word contains the schwa, output results are
problematic, showing the second highest rate of in-
coherent output overall for this model (17%). Ad-
ditionally, both schwa and asterisk in the source
are prone to causing single-gendered translations,
at 20% and 26% respectively. Looking at special
characters produced by V3, asterisks are the most
common (15 cases), while underscores (USCORE)
and colons (COLON) are marginal. V3 also uses
full split forms as translations for both visibility
strategies, downgrading to binary translations.

R1, by contrast, produced non-binary visibility
strategies more frequently: asterisks in the source
were maintained in 70% of cases. For schwa in-
put, R1 produced another visibility strategy (as-
terisk or colon) in 36% of cases. R1 never pro-
duced binary-gendered forms for asterisk or schwa
input, opting instead for other non-binary strate-
gies: invariable terms (INV) and plural participles
(P1 participle). Incorrectly, single-gendered strate-
gies also appeared, but less often than in V3: the
schwa occasionally triggered single-gendered out-
put (10%), while the asterisk never did. In terms
of incoherence, asterisk input generated the high-
est incoherence rate within R1 with 10%, schwa
input the second highest with 7%.

In sum, we suggest that reasoning helps models
better understand and functionally transpose neo-
morphemes and special characters.

5.3 RQ3

We assess the consistency of the gender approach
within the target texts. We compare the word-focus
label with the sentence-level label based on the hu-
man evaluation (Table 6). We find very similar
agreement rates for both models: where a non-
binary approach was used for the focus word, in
85.5% (V3) and 85.7% (R1) of cases a non-binary
approach was also realized in the rest of the sen-
tence. However, in approximately 15% of sen-
tences, the focus word was realized with a neutral
approach, but at least one other element in the sen-
tence marked gender (binary- or single-gendered).
Where the source had a binary-gendered approach,
91.8% (V3) and 90.0% (R1) of sentences were
consistently binary-gendered.

A z-test for differences in proportions shows
that none are statistically significant. Reasoning
does not seem to offer tangible improvements in
the consistency with which translations maintain
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a gender approach across the whole sentence, but
consistency rates remain fairly high.

Approach | Consistency Rate
V3 R1
Binary-G. | 93.2%  90.0%
Non-binary | 87.0%  85.7%
Total 88.6% 86.4%

Table 6: Consistency of gender approach at the sentence
level, measured as the agreement rate between word- and
sentence-level annotation labels.

54 RQ4

We evaluate GPT-4.1 and GPT-5.1 as automatic
annotators of the gender approach label, based
solely on the target. We conduct a meta-evaluation
on all translations produced by DeepSeek V3 and
R1 (544 instances in total). Using human anno-
tations as the reference, we compute agreement
rates between model predictions and human la-
bels across four categories: Non-binary-gendered,
Binary-gendered, Single-gendered, and Incoher-
ent.

As shown in Table 7, both models achieve full
agreement with the human annotator, indicating
that reasoning does not improve overall evalua-
tion accuracy. In addition, considering the 65 sen-
tences misclassified by both models, only 9 differ
between them. This suggests that most errors con-
centrate on the same subset of sentences. A break-
down of the erroneous automatic evaluations (see
Appendix D) reveals that most errors involve the
misclassification of the Incoherent category. This
finding suggests that assessing the consistency of
a gender approach across linguistic units remains
particularly challenging and requires more robust
safeguards. It also indicates that noisy sentences
are especially prone to false positives. While both
models demonstrate near-perfect recall in identi-
fying binary-gendered and non-binary approaches,
this has resulted in decreased precision.

6 Qualitative human analysis

Adaptation strategies in translation output
We observed that V3 shows an ability to adapt
a gender-fair approach to single-gendered nouns
based on the context: the Italian phrase tra il
datore di lavoro e il lavoratore o la lavoratrice
(“between the male employer and the male or fe-
male employee”) was rendered as zwischen der



Approach Error Rate Instances
GPT 4.1 GPTS51

Incoherent 91.3% 78.2% 24

Single-G. 29.9% 26.1% 107

Binary-G. 2.5% 5.8% 119

Non-binary | 2.7% 3.7% 294

Total 12.0% 12.0% 544

Table 7: Error rates of the automatic evaluation of the gender
approach at the sentence level.

Arbeitgeberin oder dem Arbeitgeber und der Ar-
beitnehmerin oder dem Arbeitnehmer (“between
the male or female employer and the male or fe-
male employee”), assimilating the masculine noun
to the binary-gendered pattern in the input.

Furthermore, both models produced abstract
nouns referring to roles or institutions (Diewald
and Steinhauer, 2022) for job titles (e.g., I di-
rettori d’ufficio e le direttrici d’ufficio, “the male
and female office directors” — Die Biiroleitungen,
“the office managements”) and showed flexibil-
ity in generating gender-fair formulations, includ-
ing original coinages such as Bergsteiger-Person
(“mountaineering person”), or Tierschutzorgane
(“animal welfare bodies”). We also observed syn-
tactic reformulations: the split form of pronouns
in esse/essi possono chiedere [l'intervento della
Difesa civica (“they female/they male may request
the intervention of the Ombusperson”) has been
translated with a passive reformulation (kann die
Einschaltung der Biirgerbeauftragten beantragt
werden, “the intervention of the Ombudsperson
may be requested”).

Effective strategies Both models demonstrated
an understanding of context-sensitive gender-fair
strategies beyond the mere substitution of the fo-
cus word. V3 replaced a full split form with a
shorter participial construction (il collaboratore o
la collaboratrice, “the male or female collabora-
tor” — die beschidftigte Person, “the employed
person”), achieving neutralization more econom-
ically. However, we see a tendency to neutralize
terms with Person rather than with semantically
equivalent, gender-neutral forms (e.g., die Mitar-
beitenden, “the collaborators’™) or collective terms
(e.g., das Personal, “the staff”).

Bias toward masculine forms We observed that
collective nouns (e.g., Biirgerschaft, “citizenry”)
and abstract or institutional designations (e.g.,
Meisterbrief, “master craftsman diploma”) often

57

realized as compounds, are frequently single-
gendered. Most compounds produced by both
models fall into this category. For example,
gender-neutral sportelli per la cittadinanza (‘“citi-
zen service points”) was translated by both mod-
els with single-gendered Biirgerservice (“service
points for male citizens”). These also account for
most of the mistakes in the automatic evaluation.
Epicene forms are particularly vulnerable to
gender bias, as they do not always have estab-
lished neutral equivalents in German. For in-
stance, insegnante (“teacher”) can be rendered
as gender-neutral Lehrkraft (“teaching staft”),
but is also frequently translated as single-
gendered Lehrer (“male teacher”). By con-
trast, for cantante (“singer”) no equally conven-
tionalized neutral option exists, making neutral
translation more difficult without special char-
acters or paraphrases. This seems to lead the
models—especially V3—to interpret epicenes as
generics, resulting in (generic) masculine Ger-
man forms. Beyond linguistic factors, stereotyp-
ical associations may reinforce this tendency, as
roles like conducente (‘““driver”), alpinista (“moun-
taineer”), and giudice (‘“judge”) are often cultur-
ally associated with men. We also observed a
tendency to single-gendered translations for other
terms that are subject to heavy social bias (e.g.,
Sekretdirin, “female secretary”) (Sant et al., 2024).

Inefficient strategies Both models produce
avoidable single-gendered forms with participles:
to translate split forms with slash, a singu-
lar participle is combined with a feminine arti-
cle (e.g., studente/ssa, “male/female student” —
die Studierende, “the female student”), although
adding an article (der/die or der*die) would suf-
fice for a gender-fair result. This also suggests that
slash forms are sometimes interpreted as typos.

Both models occasionally generate inefficient
split forms, including contracted or omitted vari-
ants: instead of using a gender-neutral invari-
able term, they produce explicit binary construc-
tions such as die Hausangestellte oder der Hau-
sangestellte (“the female housekeeper or the male
housekeeper”) rather than the more economical
der*die Hausangestellte.

Incoherence V3 produced more incoherent re-
sults (12) than R1 (8), though both show simi-
lar issues. Most mistakes are due to the mixing
of strategies within a nominal phrase: both mod-



els combine gendered nouns with mismatched ar-
ticles (e.g., eine Zeug:in, ’a female non-binary wit-
ness”) or over-gender by adding a redundant fem-
inine form to an already neutral construction (e.g.,
des Sekretariats bzw. der Sekretdirin, “of the secre-
tariat or the female secretary”).

In R1, incoherence typically arises from com-
bining a special character in the noun with a
single-gendered article (e.g., Die Kandidat:in, “the
non-binary candidate” instead of Der:die Kan-
didat:in), or from over-gendering forms (e.g.,
der*dem Vorgesetzte*in instead of der*dem Vorge-
setzten, “the female*male superior”). It may
also transfer Italian asterisks directly into Ger-
man (futt* — All*), treating them as language-
independent. However, while the asterisk in Ital-
ian replaces the gendered morpheme, in German
the asterisk is placed between the masculine and
feminine morphemes (Murelli, 2024). This creates
unusual asterisk forms.

The schwa occasionally generates incoherent
cases in both models through semantic mistransla-
tions of the focus word rather than gender-related
inconsistency. The Italian word professionisto
(“professional) is translated as Beruf (“profes-
sion”), probably due to truncated tokenization.

R1 demonstrates awareness that certain terms
may require binary-gendered rendering when man-
dated by legal terminology. For example, it
translated the split form liberi professionisti o
libere professioniste (“male or female freelance
professionals”) with the neutral participial form
selbstindig Erwerbstdtige (‘“‘self-employed per-
sons”), while in the same sentence it retained a
binary form where neutralization was not appli-
cable, correctly rendering [’indennita di mater-
nita/paternita as Mutterschafts-/Vaterschaftsgeld
(“maternity/paternity pay”).

R1 also correctly handled a contracted split
form involving a vowel change producing the word
Rechtsanwalt/-anwidiltin  (“male/female lawyer”)
instead of only adding the suffix -in, demonstrating
morphological sensitivity to stem alternations. Fi-
nally, both models handled case marking through
inflection without difficulty, correctly producing
genitive and dative forms in split constructions
such as von einem Mitarbeiter oder einer Mitar-
beiterin (“of a male or female collaborator”).
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7 Conclusion

Non-binary input strategies are easier for both
models to maintain, while source strategies that
explicitly encode binarity tend to preserve gender
marking more strongly. We also conclude that in-
creased reasoning capacity facilitates a shift from
binary sources to non-binary target texts.

Differences in non-binary translation rates
across input strategies can be attributed to struc-
tural and lexical properties of German. Elements
such as pronouns and clitics, as well as collective
and invariable nouns, lend themselves more eas-
ily to neutral renderings, as they tend to have neu-
tral German equivalents. By contrast, split forms
explicitly highlight gender distinctions and may
therefore require more substantial reformulation,
a challenge that reasoning can partly address by
overcoming mere surface-level transfer.

As for the rendering of source strategies, R1
uses alternative strategies in German more fre-
quently, reflecting a functional understanding of
gender-fair language. Reasoning further enhances
performance by enabling models to correctly in-
terpret neomorphemes. The higher failure rates
for the schwa may be attributed to tokenization is-
sues that the model is unable to process. Overall,
the use of neomorphemes is discouraged unless in-
creased compute power for reasoning is available.

Vanilla inference suffers from the highest inci-
dence of single-gendered masculine forms, more
acutely for epicenes, but also for schwa forms
and invariable nouns (INV). Reasoning helps
preserve their non-binary semantics—especially
when translation requires reformulation. For prac-
tical use, strategies that are already semantically
or grammatically neutral (COL, INV), or explic-
itly marked as inclusive (the asterisk), are the best
suited ones.

Contrary to what might be expected, reason-
ing does not confer a significant advantage in
sentence-level consistency within the target trans-
lation. Neither does the approach adopted on the
source side have an impact, with non-binary strate-
gies even requiring more frequent adjustments
(through agreement and co-reference) that pose a
further challenge in this sense. All in all, consis-
tency rates remain fairly high, with no need to in-
crease compute power for this purpose.
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A Common German gender-fair strategies

Strategy

Examples

Binary approaches

Visibility strategies
Split forms / double naming
Contracted split and bracket forms
Internal capitalization

Non-binary approach

Visibility strategies
Forms with special characters

Neutralization strategies
Nominalized participles or adjectives
Neutral nouns
Collective nouns
Metonymy
Depersonalization

Lehrerinnen und Lehrer; Fachmann/Fachfrau
Lehrer/-in;, Lehrer[in]
LehrerInnen

Lehrer_innen; Lehrer*innen; Lehrer:innen

Lehrende; Abgeordnete; Jugendliche
Fachkraft, Lehrkraft; Lehrperson
Lehrpersonal; Fachleute; Team

das Ministerium; die Verwaltung
Der Aufsatz ist zu lesen

Table 8: A selection of common German gender-fair strategies
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B Annotation of German strategies output by the models

Strategies Abbreviation Example
Single-gendered
Male form “Tatigkeit als Handelsvertreter”
Female form “Cianos Beziehung zu einer Spionin”
Female form or plural (ambiguous) “die Einschaltung der Biirgerbeauftragten”
Binary-gendered
Visibility strategies
Full split form Fsf “Arztinnen und Arzte”
Full split form with an omitted part  Fsf omitted “Der Inhaber oder die Inhaberin des
Bettplatzes”
Contracted split form Contracted sf “Als Fremdenfiihrer/-in gilt, (...)”
Split form of pronouns and clitics ~ Pronoun clitics sf ~ “Er/Sie ist zustindig”
Full split form of invariable terms  Fsf of INV “die  Hausangestellte —oder der Hau-
sangestellte”
Non-binary-gendered
Visibility strategies
Incl. character asterisk AST “Pddagog*innen”
Incl. character colon COLON “Funktionen als Gemeindesekretdr:in” (...)
Incl. character underscore USCORE “(...) wendet sich an jede_n Studierende_n”
Neutralization strategies
Epicene terms Epicene “Barista ist, wer (...)”
Invariable terms INV “im FEinvernehmen mit der Bezugsperson
(D
Collective terms COL “(...) zwischen dem Lehrpersonal”
Plural participle PI participle “Die Studierenden garantieren (...)”

Generic pronoun

Generic pronoun

“(...) 27 Millionen Menschen folgen ihnen”

Others

Various strategies of reformulation (selection)

Passive construction
Omitted pronoun

Incoherent
Inconsistent split form

Mixed strategies

“(...) kann beantragt werden.”
“(...) das mit den zugewiesenen Aufgaben
verbundene Inventar”

“(...) sowie einer Fiithrungskraft oder einem
Fiihrungskraft”
“Falls der/die Mieter:in (...)”
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C German strategies used in the target translations

Deepseek V3
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German Target Strategy

Figure 1: Follows in the next page
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Italian Source Strategy

Deepseek R1
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Figure 2: Annotations of the frequency of German strategies adopted to translate each Italian source strategy.
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D Confusion matrix for the automatic evaluation framework

GPT 4.1
INCOHERENT SINGLE-G BINARY-G NEUTRAL
INCOHERENT 0 1 6 14
Human SINGLE-G 0 0 3 29
BINARY-G 1 2 0 0
NEUTRAL 0 8 0 0
Table 9: Confusion matrix for the automatic evaluations of GPT 4.1
GPT 5.1
INCOHERENT SINGLE-G BINARY-G NEUTRAL
INCOHERENT 0 3 3 12
Human SINGLE-G 1 0 2 25
BINARY-G 1 3 0 2
NEUTRAL 1 8 2 0

Table 10: Confusion matrix for the automatic evaluations of GPT 5.1
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E Translation prompt

““role: "““user,
“T“content: (
fYou are tasked to translate a legal sentence from Italian into South-
Tyrolean German. °~°
fSouth-Tyrolean German is a standard variety of German.
fImportant: You must produce a non-binary translation, eliminating all
references to gender! °°
fYou must output only the translated text without any explanation, enclosing
it in '<>' symbols. °°
fThis is the text to be translated into German:
f<{source_sentence}>

F Evaluation prompt

SYSTEM_PROMPT = ““You are a language expert specializing in evaluating gender
neutrality in German texts. Your task is to extract target German phrases that
refer to human beings and determine whether each phrase is single-gendered (

masculine or feminine only), binary-gendered (covers both genders), or non-
binary (covers neutral as well as non-binary references). Based on the phrases,
assess whether the sentence is single-gendered, binary-gendered, non-binary, or
incoherent.

Guidelines:

1. Identify relevant phrases: carefully analyze the German sentence and focus on all
phrases that refer to human beings or groups of human beings (e.g., ~“eine
ausgezeichnete Mitarbeiterin, ~“die Arbeitnehmer, ~~Sie, Patient:in, Der/die Begi
nstigte) .

2. Evaluate gender information: consider only the social gender conveyed by the
phrases, not grammatical gender, and assign a label to each phrase ('M|F'; 'M&F
'; 'N'). These are the guidelines:

Single—-gendered (one gender 'M' or 'F'):

« Phrases like “"Ein Redner, ~“Der Student, ~“Der Biirger, and ~“alle Kollegen, ~“die
Arbeiter are masculine [M];
* Phrases like ““Eine Rednerin, ~"Die Studentin, "~"Die Bilirgerinnen, and ~“alle

Kolleginnen are feminine [F]

Binary-gendered (both genders 'M&F'):

«+ Phrases like ""Blirgerinnen und Bilirger, der/die Arbeitnehmer/in, die BiirgerInnen,
die Blirgerbeauftragte/der Blrgerbeauftragte, Absolventinnen/Absolventen,
Absolventen/—innen, Absolvent (inn)en, der Blirgermeister oder die Blirgermeisterin
, die Schiilerin bzw. der Schiiler, ~"Mitarbeiter/in call both social genders,
masculine and feminine [Mé&F]

* Phrases, that just refer to one gender in plural (" "die Schiiler, ““die Chefinnen)
are never binary-gendered.

Non-binary (all genders, masculine, feminine and non-binary 'N'):
* Phrases like “"Der:die Arbeitnehmer:in, diexder Verwaltungs- oder

Buchhaltungsfunktiondr+in, ~“Lehrer_in, Arbeitnehmx use gender-inclusive
characters or neomorphems to neutralize gender by changing the morphology [N].
+ Phrases like ""Eine freiberufliche tdtige Person, ~“Die Beschdftigten, ~“Die Bi

rgerschaft, and alle Kollegiumsmitglieder, ~“die Datenschutzbeauftragten do not
express social gender because they are neutral or express all gender identities
beyond the binary distinction, therefore they must be considered non-binary [N

1.

Incoherent ('INCOHERENT') :

* Phrases like ““einexn Journalist/in, ~“einen externen technischen Fachkraft apply
conflicting gender markers or syntactical errors that make it impossible to
determine a coherent strategy, Dbecause in one phrase the reference is neutral (
article: ““einexn), while in the other another strategy is used (noun: Tutor/in)

It is never incoherent, if the same gender-inclusive character is used in
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article, adjective and noun (or any gender-sensitive element), e.g ““eine:n
Journalist:in is non-binary and not incoherent. The phrase label is: ['
INCOHERENT' ]

3. Assign a sentence-level label:

« If one or more phrases convey one specific gender, either masculine or feminine,
label the sentence as ~~SINGLE-GENDERED.

« If all phrases convey both masculine and feminine gender, label the sentence as
BINARY-GENDERED.

« If all references to human beings are non-binary, label the sentence as ~“NON-
BINARY.

+ If a phrase that is a reference to human being is incoherently gendered, label the

sentence as "~ INCOHERENT

« If at least one reference is less inclusive than the others, always choose the

lower label.

FEW_SHOT_ EXAMPLE =
# Example 1:
German sentence: ~“Die Ausbildung filir Bergfiilhrer dauert drei Jahre und die
technischen Fdhigkeiten entsprechen den internationalen Standards
Expected output:
{

““phrases: [
{
““phrase: ""Bergfihrer,
““gender: M
}
I
““label: “TSINGLE-GENDERED

}

# Example 2:

German sentence: "~“Es wurden Stipendien fir akademische Leistungen an Absolventinnen
/Absolventen, die an internationalen Universitdten, Schulen oder technischen
Ausbildungszentren teilnehmen, vergeben

Expected output:

{

““phrases: [
{
““phrase: ““Absolventinnen/Absolventen,
““gender: "TM&F

}s
{
““phrase: die,
““gender: °°N
}

1,

““label: “"BINARY-GENDERED
}

# Example 3:

German sentence: "~“Es wurden Stipendien fiir akademische Leistungen an AbsolventInnen
, die an internationalen Universitdten, Schulen oder technischen
Ausbildungszentren teilnehmen, vergeben

Expected output:

{

““phrases: [
{
““phrase: ““AbsolventInnen,
““gender: TM&F

b
{
““phrase: die,
““gender: °°N
}
1,
““label: “"BINARY-GENDERED
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# Example 4:
German sentence:
Expected output:
{
““phrases: [

{
““phrase: ““eine:n Kinderbetreuer:in "7,

“"Wir suchen eine:n Kinderbetreuer:in in Vollzeit..

“gender: N

}

1,
““label: “TNON-BINARY

# Example 5:
German sentence:
Expected output:
{
““phrases: [

{

““phrase: ““einexn Journalistxin,

""Die Presseagentur sucht einexn Journalistxin.

““gender: N

}

1,
““label: TNON-BINARY

# Example 6:
German sentence: ~“Ab dem Schuljahr 2018/2019 werden die Uberstunden fiir das

provinziell beschdftigte Lehr- und Verwaltungspersonal im Bereich der Schulen

elektronisch verwaltet.
Expected output:
{
““phrases: [
{

““phrase: ““Lehr- und Verwaltungspersonal,

“gender: N
}
1,
““label: “TNON-BINARY

}

Example 7:
German sentence:
Expected output:
{
““phrases: [

{

“"Die Presseagentur sucht eine_n Journalist_in.

“phrase: ““eine_n Journalist_in,
““gender: N
}

1,
“Tlabel: "TNON-BINARY

#D) Mixed

Example 8:
German sentence: ~“Der Beauftragte oder die Beauftragte der Beschdftigten fiir die

Sicherheit erhdlt auf deren Wunsch und zur Ausibung ihrer Funktion eine Kopie
des Risiko-Bewertungsdokuments in Papier- oder Digitalform.

Expected output:
{

““phrases: [

{
""Der Beauftragte oder die Beauftragte,
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“phrase:



}

}l
{

“gender:

““phrase:

““gender:
}y
{
““phrase:
““gender:

by
{

““phrase:
““gender:
}
I
“Tlabel:

M&F

““der Beschdaftigten,
N

““deren,

ihrer Funktion,
N

" "BINARY-GENDERED

# Example 9:

German sentence:
higkeit und

Expected output:
{

““phrases: [
{
““phrase: "~"Man,
““gender: M
b
{
““phrase: Patient:innen,
““gender: °°N
b
{
““phrase: deren,
““gender: °°N
}
]I
““label: “TSINGLE-GENDERED
}
#E) incoherent

# Example 10:

German sentence: ~~Das Amt bestellt einexn Tutor/in,

“"Man arbeitet mit Patient:innen jeden Alters,
Funktion durch Traumata oder Erkrankungen beeintrdchtigt wurden.

diejenigen ist,
Expected output:

{

““phrases: [

{

“phrase:
““gender:

by
{

““phrase:
““gender:

by
{

““phrase:

““gender:
by
{
““phrase:
““gender:

b,
{

"“phrase:
““gender:

die das Praktikum absolvieren.

““einexn Tutor/in,

INCOHERENT

die/der,
M&F

die Ansprechperson,
N

diejenigen,
N

die,
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deren Bewegungsfd

die/der die Ansprechperson flr



““label: INCOHERENT

#F) Incoherent

Example 11:
German sentence: ~“eine externe technische Fachkraft oder einen externen technischen
Fachkraft.
Expected output:
{
““phrases: [

{

“phrase: ““eine externe technische Fachkraft,
““gender: N

by
{

““phrase: einen externen technischen Fachkraft,
““gender: INCOHERENT
}

1,
““label: INCOHERENT
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Abstract

This study investigates whether source-
text emotion is associated with grammat-
ical gender choices in English-Russian
translation when the author’s gender is
not specified. Building on Popovi¢ and
Lapshinova-Koltunski (2024), we analyse
first-person grammatical gender in Ama-
zon review translations produced by pro-
fessional translators, translation students,
and three LLMs: GPT-4, Llama, and Mis-
tral. We assign emotion labels to the
English source reviews and test whether
these labels are associated with mascu-
line or feminine forms in the Russian
translations. Reviews labelled as express-
ing love are more likely to be translated
with feminine grammatical gender by both
human translator groups, with small-to-
moderate effect sizes. This pattern is ab-
sent in GPT-4 and Mistral, but appears
in Llama. Other frequent emotion labels
do not show the same positive associa-
tion. We therefore treat the findings as ex-
ploratory evidence that specific source-text
emotions may be associated with gendered
translation choices, while emphasizing the
need for larger-scale validation across ad-
ditional emotions, genres, and language
pairs.

1 Introduction

This paper presents a study on gender and emotion
in Amazon product review translations. We fo-
cus on first-person grammatical gender, following
© 2026 The authors. This article is licensed under a Creative

Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
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Popovi¢ and Lapshinova-Koltunski (2024), who
showed that product category functions as an im-
plicit gender cue in English-Russian and English-
Croatian review translations, with masculine forms
dominating across all translator types. Unlike En-
glish, Russian marks gender on past-tense verbs,
adjectives, and passive participles, requiring trans-
lators to specify the reviewer’s gender even when
the source text provides no such information.
What other contextual factors might drive these
gendered choices remains an open question (Hack-
enbuchner et al., 2024).

Psychology research has documented system-
atic associations between specific emotions and
gender stereotypes. For example, people seem to
believe women experience and express the major-
ity of emotions more than men, including sadness,
fear, and love with anger and pride as the main
exceptions (Rosenkrantz et al., 1968). These pat-
terns hold across cultures (Brody and Hall, 2008).
Large language models (LLMs) seem to replicate
this stereotype pattern by consistently attributing
anger to male personas and sadness to female ones
when prompted with gendered scenarios (Plaza-
del-Arco et al., 2024). Our central goal is to exam-
ine whether source-text emotion is associated with
grammatical gender choices in translation when
gender is otherwise under-determined.

To achieve this goal, we use emotion as an ex-
planatory variable for gender bias, applying BERT-
based emotion classifiers based on the GoEmo-
tions taxonomy (Demszky et al., 2020) to the En-
glish source texts. We then analyse first-person
gender in professional and student human trans-
lators, as well as in the three LLM translation
outputs: GPT-4, Llama and Mistral to ensure a
broader comparison across model families. Fol-
lowing previous work on this corpus (Popovic

Proceedings of the 4th Workshop on Gender-Inclusive Translation Technologies (GITT 2026), pages 73—-80
June 15, 2026 ©2026 Association for Computational Linguistics



and Lapshinova-Koltunski, 2024), our aim is not
to mitigate gender bias directly, but to examine
whether systematic patterns in translation data can
be linked to gendered emotion stereotypes present
in the source texts.

For our analysis, we formulate the following re-
search questions (RQs):

RQ1: Are classifier-assigned emotion labels in the
English source texts associated with gram-
matical gender choices in Russian transla-
tions, and are these associations specific to
particular emotions?

RQ2: Do these patterns differ across human trans-

lator groups and LLMs?

Our study is correlational: we do not claim to
identify the causes of gender bias, but rather to un-
cover patterns in translation data. The analysis fo-
cuses on binary gender (masculine/feminine) as re-
quired by Russian grammar, and we acknowledge
this as a limitation.

The remainder of the paper is organised as fol-
lows: Section 2 reviews related work. Section 3
describes the corpus and annotation. Section 4 out-
lines the methodology. Results are presented in
Section 5, followed by discussion and conclusion
in Sections 6 and 7. We also discuss the limitations
in Section 8.

2 Related Work

A widely reported pattern in MT is the mascu-
line default: absent other information, masculine
forms are used disproportionately across all trans-
lator types (Savoldi et al., 2021; Stanovsky et al.,
2019). Savoldi et al. (2021) provide the foun-
dational framework for the field, defining gen-
der bias in MT as systematic and unfair dis-
crimination that manifests principally as under-
representation of feminine forms and stereotyped
translation choices. Recent work also situates gen-
der bias in MT within the broader shift toward
LLMs (Vanmassenhove, 2024).

Our study builds directly on Popovi¢ and
Lapshinova-Koltunski (2024), who examine first-
person grammatical gender in human and machine
translations of English Amazon product reviews
into Russian and Croatian, using the DiHuTra cor-
pus. Their analysis confirms a strong masculine
default across all translator types, but also shows
that the masculine default is not absolute: prod-
uct category functions as an implicit cue, with
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beauty reviews attracting substantially more fem-
inine forms and sports reviews rendered almost
exclusively in the masculine. Human translators
show considerably more sensitivity to these cues
than MT systems, which produce near-uniformly
masculine output even in categories where femi-
nine forms might be expected. This finding mo-
tivates the present study: if the product category
can function as an implicit gender cue, what other
features of the source text might do the same?

This broader role of context is also supported
by work on gender decisions under ambiguity. In
an English-German study, gender assignments by
DeepL were compared with those of 22 human an-
notators for the role names presented both in iso-
lation and in sentence context (Hackenbuchner et
al., 2024). Adding context changed 44% of the
human gender labels, compared to only 17% of
the MT labels. This suggests that humans are
more context-sensitive than MT systems. For MT,
gender shifts mostly occurred when the context
contained explicit cues, such as pronouns, female
proper names, or an unambiguous referent.

The theoretical motivation for examining emo-
tion as a gender cue rests on associations between
specific emotions and gender stereotypes in psy-
chology. Since at least the late 1960s, cultural gen-
der stereotypes have reliably assigned emotional
traits along gender lines (Rosenkrantz et al., 1968).
A partial replication three decades later confirms
that cross-gender agreement on these trait attribu-
tions remains high, though the number of items
reaching stereotype consensus also decline (Nes-
bitt and Penn, 2000). Plant et al. (2000) show
that people believe women experience and ex-
press the majority of emotions more intensely than
men, with anger and pride as the main excep-
tions. Brody and Hall (2008) extend this picture
across cultures: women are stereotypically linked
to love, sadness, fear, and guilt; men to anger and
pride. These associations are sufficiently robust
and widespread that they can reasonably be ex-
pected to form part of the background knowledge
of any translator working between the two lan-
guages in our study.

Recent NLP work suggests that these associa-
tions are also reflected in LLM behaviour. Plaza-
del-Arco et al. (2024) prompted five state-of-the-
art LLMs with identical scenarios while varying
only the gender of the persona; all models consis-
tently attributed anger to male personas and sad-



ness to female ones, closely mirroring the psycho-
logical literature. Related evidence comes from
Weber et al. (2026), who examine whether demo-
graphic information about the author of an emo-
tionally ambiguous text influences emotion inter-
pretation. They find that human annotators are
more likely to match the author-provided emotion
label when that label aligns with gender stereo-
types; their LLM experiments point in the same di-
rection. Together, these studies suggest that asso-
ciations between gender and emotion are not only
documented in psychological research, but also ap-
pear in recent NLP settings involving both human
judgments and LLM behaviour.

To our knowledge, the connection between emo-
tion and gender has not yet been systematically
explored in translation. This study addresses
that gap by examining whether source-text emo-
tion is associated with grammatical gender choices
when the author’s gender is not specified in the
source text. In doing so, we connect work on
gender bias in translation with research on gen-
dered emotion stereotypes in psychology and NLP.
By also considering product category, we assess
whether emotion provides explanatory value be-
yond the domain-level associations already iden-
tified in prior work.

3 Data

Our study uses the DiHuTra corpus (Lapshinova-
Koltunski et al., 2022), a publicly available paral-
lel corpus of 196 English Amazon product reviews
and their translations into multiple languages, col-
lected in 2022'. The corpus is structured as 14
reviews in each of 14 product categories: beauty,
books, CD/vinyl, cell phones, grocery and gourmet
food, health care, home and kitchen, movies and
TV, musical instruments, patio and garden, pet
supplies, sports and outdoors, toys and games,
and video games. The corpus contains reviews
across a range of star ratings (1-2 = negative, 4-5
= positive); 3-star reviews were excluded to ob-
tain a clear positive/negative split (Popovic and
Lapshinova-Koltunski, 2024).

The human translations were produced by two
groups: professional translators and translation
students. Translators were provided with the re-
view texts only — no star ratings or other meta-
data were shared, ensuring that any gender choices
reflect responses to the text itself. They were also

"https://github.com/kat jakaterina/dihutra
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given minimal instructions and were not allowed
to use any MT systems. Crucially, no instructions
were given regarding how to handle grammatical
gender in the target language, making the corpus
suitable for studying gender choices as individual
decisions. The present study extends the data to
LLM-generated translations: GPT-42, Llama3, and
Mistral*, each prompted only with “translate into
Russian”.

Gender annotation of all Russian translations
was performed manually at both the segment and
review levels, following Popovi¢ and Lapshinova-
Koltunski (2024). The annotation identifies first-
person gendered words in the Russian text, primar-
ily past participles, adjectives, and passive partici-
ples.

Following their annotation scheme, each review
is assigned a gender label according to the first-
person gendered words it contains. If all first-
person gendered words within a review share the
same gender, the review is labelled m (masculine)
or f (feminine) accordingly. If the review contains
no first-person gendered words at all, it is labelled
x. If the review contains a mixture of first-person
genders, it is labelled mixed (covering sub-types
such as m+f, m—f, m+m—f, and f+m—f).

Group f m X mixed
GPT-4 21 113 61 1
Llama 24 101 63 8
Mistral 23 113 59 1
Prof 36 88 71 1
Stud 27 91 78 0

Table 1: Distribution of gender labels across translator groups
(n =196). f = all first-person gendered words are feminine; m
= all first-person gendered words are masculine; X = no first-
person gendered words present; mixed = review contains both
masculine and feminine markings

We restrict our quantitative analysis to reviews
unambiguously labeled as masculine (m) or fem-
inine (f). All mixed or ambiguous cases are ex-
cluded. Reviews where the Russian text requires
no first-person gender marking are similarly ex-
cluded. This results in between 118 and 136 re-
views per translator group available for statistical
analysis, depending on the proportion of gendered
constructions in each translation variant.

Zaccessed in December 2024 through https://chat-a
i.academiccloud.de/chat

3accessed in January 2025 through https://chat-ai.
academiccloud.de/chat

*accessed in January 2025 through https://chat-ai.
academiccloud.de/chat



4 Methodology

4.1 Emotions under analysis

Prior work on gender and emotion stereotypes
links emotions such as love, sadness, fear, guilt,
and caring with femininity, while anger and pride
are more often associated with masculinity (Brody
and Hall, 2008; Plant et al., 2000; Plaza-del-Arco
et al., 2024). We use this literature as a theoret-
ical motivation for examining whether emotional
content may function as an implicit cue for gram-
matical gender choice in translation.

The stereotypically masculine emotions identi-
fied in the literature, such as anger and pride, do
not appear among the top-1 or top-2 labels as-
signed by the GoEmotions classifier in our corpus
and are therefore excluded from the analysis.

4.2 Emotion annotation

the
use

For emotion classification of
English source texts, we
SamLowe/roberta—base—go,emotionss,
a RoBERTa-base transformer fine-tuned on the
GoEmotions dataset (Demszky et al., 2020). The
model predicts 27 fine-grained emotion categories
plus neutral, grouped into positive, negative,
ambiguous, and neutral classes. We selected this
model because its taxonomy is compatible with
our research question and because it is publicly
available and can be run locally, supporting
reproducibility. The model outputs a probability
distribution over all labels for each review.

In the main analysis, we retain the two highest-
probability labels per review. This decision reflects
the multi-label design of GoEmotions, where a text
may express more than one emotion, and allows us
to capture cases in which an emotion is a plausi-
ble secondary label rather than the single highest-
ranked prediction. This is important for the present
study because several reviews show small proba-
bility margins between the top-ranked labels.

Across the corpus, 22 of the 28 labels appear
as top-1 predictions. The most frequent are admi-
ration (30.6%), neutral (14.8%), disappointment
(13.3%), disapproval (9.2%), approval (6.6%),
and love (5.1%, n 10). Among the theoreti-
cally relevant feminine-coded emotions discussed
above, only love occurs often enough for quanti-
tative analysis. It appears as the top-1 label in 10

Shttps://huggingface.co/SamLowe/roberta-b
ase—go_emotions

76

reviews and as either the top-1 or top-2 label in 27
reviews.

We additionally inspect the star-rating distribu-
tion of the 27 love-labelled reviews. Most are posi-
tive: 18 are 5-star reviews and 4 are 4-star reviews.
The remaining 5 have low ratings, but manual in-
spection shows that they still contain affectionate
language directed at specific product features de-
spite overall dissatisfaction. For example, one 1-
star review states: “I really wish this was not the
case because I love the design, just be aware be-
fore you buy!” This suggests that the love label
captures genuine positive affect in the source text
rather than merely reflecting overall review polar-
ity.

As a plausibility check, we also re-annotate the
reviews with GPT-40 (zero-shot, temperature 0),
following recommendations that LL.M-based an-
notation should be validated and interpreted on a
task-specific basis (Pangakis et al., 2023). To re-
duce label ambiguity in this supplementary check,
we prompt GPT-40 with a reduced 9-label scheme
covering the most frequent emotion categories in
our data: admiration, approval, disapproval, dis-
appointment, annoyance, joy, love, neutral, and
other. Since the classifier and GPT-40 use different
label spaces, the resulting figures are not treated as
inter-annotator agreement, but only as a secondary
plausibility check.

Exact top-1 agreement between RoBERTa and
GPT-4o0 is 32.0% (62/196), while soft agree-
ment, where the RoBERTa top-1 label appears
within GPT-40’s top-2 predictions, reaches 47.9%
(93/196). Agreement at the broader polarity level
is higher, at 63.4% (123/196). This suggests
that the two systems diverge on fine-grained
emotion labels but show greater convergence
on the general affective direction of the re-
The statistical analysis is based on the
SamLowe/roberta-base—-go_emotions
classifier output.

views.

4.3 Analysis

To examine the association between source-text
emotion and grammatical gender in translation, we
cross-tabulate the binary emotion flag (/ove present
vs. absent) with the binary gender label (m vs.
f) for each translator group separately. The emo-
tion flag is set to positive if love appears as either
the top-1 or top-2 label assigned by the classifier,
yielding 27 reviews with a love signal out of 196



N +love -love OR p V

f m f m
GPT-4 134 5 15 16 98 2.04 313 .079
Llama 125 8 9 16 92 5.11 .005%* .251
Mistral 136 6 15 17 98 231 201 .106
Prof. 124 9 7 27 81 3.86 .017* .204
Stud. 118 9 7 18 84 6.00 .002** 285

Table 2: Association between love and feminine grammatical
gender. N = retained masculine/feminine cases; OR = odds
ratio; p = two-tailed Fisher’s Exact Test; V' = Cramér’s V. *
p < .05; ¥* p < .01.

total.

For each 2x2 contingency table, we apply
Fisher’s Exact Test rather than Pearson’s chi-
square, because at least one expected cell count in
each love/gender table falls below 5, the standard
threshold for applying chi-square tests (Agresti,
1990). Fisher’s Exact Test is therefore the appro-
priate alternative in this situation, providing exact
p-values without relying on large sample approxi-
mations.

To complement significance testing with a mea-
sure of association strength, we additionally com-
pute Cramér’s V for each table. Cramér’s V' ranges
from O (no association) to 1 (perfect association).
By convention, values around 0.1 indicate a weak
effect, 0.3 a moderate effect, and 0.5 or above a
strong effect (Cohen, 1988).

We extend the same procedure to all eight emo-
tions with sufficient combined frequency across
top-1 and top-2 labels (n > 10): admiration, ap-
proval, annoyance, disappointment, disapproval,
joy, love, and neutral. For each emotion, the ap-
propriate test (Fisher’s Exact or chi-square) is se-
lected automatically based on the minimum ex-
pected cell count. This comparative analysis is
used to determine whether any observed associa-
tion is specific to love or reflects a broader rela-
tionship between emotion labels and grammatical
gender.

5 Results

5.1 Love and Grammatical Gender

Table 2 presents the contingency counts, odds ra-
tios, Fisher’s Exact Test p-values, and Cramér’s V'
effect sizes for the association between love and
feminine grammatical gender across all five trans-
lator groups.

Across both human translator groups, love is
significantly associated with feminine grammati-
cal gender. Professional translators show a mod-
erate effect (V' = .204, p = .017), with 56.2%
of love-labeled reviews receiving feminine gen-
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der compared to 25.0% of non-love reviews. Stu-
dent translators show a comparable pattern with a
slightly stronger effect (V' = .285, p = .002),
with the same 56.2% feminine rate for love re-
views against 17.6% for non-love reviews. These
findings extend the results reported by Popovi¢ and
Lapshinova-Koltunski (2024).

The pattern is more nuanced across LLMs.
GPT-4 and Mistral show no significant associa-
tion between /ove and feminine gender (p = .313
and p = .201 respectively), with weak effect sizes
4 .079 and V .106). Llama, however,
shows a significant and moderately strong associa-
tion (V' = .251, p = .005), with 47.1% of love-
labeled reviews receiving feminine gender com-
pared to 14.8% of non-love-reviews — a pattern
comparable in magnitude to the human translator
groups. This finding was not anticipated and is dis-
cussed further in Section 6 below.

The comparison across the frequent emotion la-
bels shows that no emotion other than love has a
significant positive association with feminine gen-
der. Two significant negative associations are ob-
served: neutral is associated with fewer feminine
translations in professional translators (p = .020,
% .208), and disapproval is associated with
fewer feminine translations in both Llama (p =
.044, V' = .168) and Mistral (p = .008, V =
.200). Since these associations are not consistent
across translator groups and are not directly pre-
dicted by the gender-emotion literature reviewed
above, we interpret them cautiously. The clearest
positive association with feminine gender there-
fore remains specific to love in the present dataset.

As noted in Section 3 above, the previous
study (Popovic and Lapshinova-Koltunski, 2024)
identifies product category as a strong predictor of
feminine gender in the corpus under analysis. To
assess whether this factor might confound our pri-
mary finding, we conduct a descriptive inspection
of the distribution of love-labeled reviews across
the 14 product categories in the corpus, and of the
gender choices made by human translators within
those reviews. Of the 27 love-labeled reviews, only
5 fall within the two product categories identified
by Popovi¢ and Lapshinova-Koltunski (2024) as
most strongly associated with feminine gender in
translation (beauty: n = 1; home & kitchen: n =
4). The remaining 22 reviews span ten categories
not typically associated with feminine grammati-
cal gender, including cell phones & accessories,



video games, CD/vinyl, and sports & outdoors.
Among the 9 love-labeled reviews that receive
feminine gender from professional translators, 6
came from categories outside the feminine-coded
set (books, cd & vinyl, cell phones & accessories,
grocery & gourmet food, toys & games). The same
pattern holds for student translators, whose 9 femi-
nine choices for love-labeled reviews also included
6 from non-feminine-coded categories. This de-
scriptive pattern suggests that the feminine gen-
der choices associated with love-labeled reviews
are not concentrated in the product categories that
would be expected to attract feminine forms on
category grounds alone.

6 Discussion

Our results offer partial support for the assump-
tion that source-text emotion might be associated
with grammatical gender choices in translation.
The emotion love is consistently associated with
a higher rate of feminine grammatical gender in
both human translator groups, with moderate ef-
fect sizes and p-values well below the conventional
threshold. This pattern is consistent with well-
documented gendered emotion stereotypes in psy-
chology and NLP research.

The behaviour of the three LLMs presents
a more complex pattern. With respect to the
main /ove-feminine association, GPT-4 and Mis-
tral show no significant effect, with weak effect
sizes. This is consistent with the broader finding
by Popovi¢ and Lapshinova-Koltunski (2024) that
machine-generated translations exhibit stronger
masculine bias than human translations, defaulting
to masculine forms regardless of contextual cues.
One plausible interpretation is that these models
treat grammatical gender as a largely context-free
decision, relying on the statistically dominant mas-
culine form in Russian rather than on implicit con-
textual cues such as emotion. In this sense, GPT-4
and Mistral may produce less variation than human
translators in under-specified first-person contexts.

Llama stands apart from the other two LLMs,
showing a significant and moderately strong love-
feminine association comparable in magnitude to
the human translator groups. This was not pre-
dicted and we are cautious about over-interpreting
it. The result is based on a small number of re-
views (n = 17 love-labeled reviews after filtering),
and replication on a larger dataset is necessary be-
fore any strong conclusions can be drawn. We can
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only speculate about possible explanations: differ-
ences in training data composition, instruction tun-
ing. We flag this as a priority for future investiga-
tion.

7 Conclusion

Addressing RQ1, we find that the association be-
tween classifier-assigned emotion labels and gram-
matical gender is not general across all frequent
emotion labels. The clearest positive associa-
tion concerns love: love-labelled English source
reviews are translated with feminine grammati-
cal gender more often in both human translator
groups, while other frequent emotion labels do not
show the same positive pattern.

Addressing RQ?2, this pattern differs across
translator groups. The association is statistically
significant and consistent in translations produced
by both professional translators and translation
students. Among the three LLMs, only Llama
shows a comparable /ove—feminine association,
while GPT-4 and Mistral do not.

Within the given limitations, the findings sug-
gest that one theoretically feminine-coded emo-
tion, love, may be associated with gendered trans-
lation choices in this dataset. The study therefore
does not show that source-text emotion in general
predicts grammatical gender, but rather that spe-
cific emotion labels can be productively examined
as possible contextual cues. Future work should
replicate these findings on larger corpora and ad-
ditional language pairs, investigate why different
LLMs respond differently to emotional cues, and
include manual emotion annotation to validate au-
tomated classifier output.

8 Limitations

Several limitations should be noted when interpret-
ing our results.

First, emotion labels are produced by an au-
tomated classifier and cannot be interpreted as
ground-truth emotion. Fine-grained emotion clas-
sification remains a challenging task, with state-of-
the-art performance on GoEmotions reaching only
a moderate macro-F1 of 0.45 (Lowe, 2022). Class
imbalance and inconsistent annotation of rare emo-
tions in the underlying dataset are known is-
sues (Demszky et al., 2020). Although we include
a GPT-4o re-annotation as a plausibility check, this
is not a substitute for independent human valida-
tion. A stronger design would include multiple hu-



man annotators and inter-annotator agreement.

Second, this study examines translation outputs
only. We have no access to translator decision logs,
think-aloud data, or post-hoc interviews. We there-
fore cannot determine whether the patterns reflect
conscious choices, implicit bias, lexical cues, or
something else entirely. This is a standard con-
straint of corpus-based research.

Third, the study is restricted to a single language
pair (English-Russian), a single domain (Amazon
product reviews), and an extremely small corpus.
Generalisation to other genres, language pairs,
and translator populations requires further study.
The small number of emotion-labelled cases, es-
pecially for individual emotion categories, also
means that statistically significant patterns should
be interpreted cautiously.

Finally, the analysis is correlational. We identify
statistical associations between source-text emo-
tion and grammatical gender choices in translation,
but do not claim causal relationships or attempt to
model translator decision processes directly.

Taken together, these limitations position the
present work as exploratory rather than confirma-
tory. Our contribution is a methodological proof-
of-concept demonstrating that emotion classifica-
tion can be productively combined with grammati-
cal gender annotation to surface patterns in transla-
tion behaviour. The findings justify more rigorous
follow-up with larger corpora, human validation,
and richer translator metadata.
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Abstract

Language technologies used in everyday
settings such as machine translation sys-
tems risk perpetuating societal bias. Prior
work in creating benchmarks for gender
bias in machine translation systems 1) fo-
cus primarily on high-resourced language
pairs or a low-resourced language paired
with a high-resource language, 2) use tem-
plate based benchmarks that usually focus
on occupational biases and stereotypes,
and 3) translate high-resource benchmarks
which may lack cultural significance to
low-resourced languages. In this paper,
we introduce Yeswa-Stories', a three-way
parallel dataset comprising 1,300 aligned
sentences in Amharic, Afaan Oromo, and
Tigrinya. = We constructed the dataset
in two ways: first, we collected En-
glish sentences from Wikipedia articles
about notable African women and trans-
lated them into the three target languages
using human translators. To improve cul-
tural representativeness, we further aug-
ment the dataset with locally sourced con-
tent reflecting the cultural context where
the languages are spoken. Our dataset
contributes a new resource for study-
ing gender-inclusive translation in low-
resourced settings.”

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

T“Yeswa” means “her” in Ambharic.
*https://github.com/hhnigatu/Yeswa-Stories
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1 Introduction

Gender bias in machine translation systems has
received increasing attention, particularly in how
models misrepresent or underrepresent women
across languages (Savoldi et al., 2021; Savoldi et
al., 2024).

Several works have introduced measurement
and mitigation methods, especially for high-
resource languages (Stanovsky et al., 2019; Prates
et al., 2020). However, existing resources for gen-
der bias evaluation often rely on template-based
constructions or narrowly defined domains. These
approaches fail to capture the richness of natu-
ral language and the diversity of cultural contexts
in which gender is expressed. Further, these re-
sources are limited to a handful of high-resourced
languages (Joshi et al., 2020).

Creating resources for low-resourced languages
is challenging due to the scarcity of parallel cor-
pora, limited digital presence, and the lack of cul-
turally grounded data that reflects real-world us-
age (Talat et al., 2022). Further, the term “low-
resourced language” encompasses a wide array
of languages with varying levels and types of re-
sources (Nigatu et al., 2024). Following the rec-
ommendation in Nigatu et al., (2024), we specif-
ically use the term “low-web data languages” in
this paper to indicate that the resource that the lan-
guages of focus are lacking for the context of this
paper is data.

In this paper, we introduce Yeswa-Stories, a
three-way parallel dataset in Amharic, Afaan
Oromo, and Tigrinya. Amharic and Tigrinya are
Afro-Semitic languages that use the Ge’ez writ-
ing script. Afan Oromo is a Cushitic language
that uses the Qubee alphabet and is written with
Latin characters. While Tigrinya and Amharic are

Proceedings of the 4th Workshop on Gender-Inclusive Translation Technologies (GITT 2026), pages 81-86
June 15, 2026 ©2026 Association for Computational Linguistics



grammatically gendered languages—meaning every
noun is assigned a gender—Afan Oromo has a neu-
tral pronoun. Further, Amharic has a neutral re-
spectful pronoun while Tigrinya has a gendered re-
spectful pronoun. Our dataset focuses on female-
centered narratives and combines globally sourced
content with locally relevant materials. By doing
so, we provide a resource that supports research on
gender-inclusive translation and highlight the im-
portance of cultural diversity in low-resource set-
tings.

The paper is structured as follows: We first re-
view related literature, with a focus on gender bias
and existing datasets for low-resource machine
translation in Section 2. We then present the steps
we took and challenges we faced in creating this
dataset in Section 3. Finally, we present an anal-
ysis of the dataset and evaluate the performance
of two widely used machine translation systems in
Section 4. Our work contributes to the broader gap
in lack of resources in these three low-web data
languages and specifically to the gap in the repre-
sentation of women in multilingual datasets.

2 Related Work

Gender bias evaluation in machine translation
has traditionally been conducted using controlled
benchmarks, often constructed with template-
based sentences that explicitly encode gender vari-
ations. These benchmarks typically focus on occu-
pational stereotypes (e.g., associating certain pro-
fessions with a specific gender) and pronoun res-
olution tasks (Stanovsky et al., 2019; Cho et al.,
2019). However, recent work has shown that such
benchmarks often fail to capture real-world distri-
butions of gender in datasets and may overlook bi-
ases already embedded in training data (Nigatu et
al., 2025). While effective for isolating specific
biases, such approaches are predominantly devel-
oped for high-resource languages and are often di-
rectly translated or adapted for low-resource set-
tings. This adaptation assumes linguistic and cul-
tural equivalence, which may not hold in practice,
leading to evaluations that overlook culturally spe-
cific expressions of gender (Talat et al., 2022).
Beyond measurement, the impact of gender bias
in machine translation systems is significant. Bi-
ased outputs can reinforce harmful stereotypes
and contribute to representational harm by sys-
tematically underrepresenting or misrepresenting
women (Blodgett et al., 2020). These issues extend
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beyond academic concerns, affecting real-world
applications such as hiring, education, and ac-
cess to information. Moreover, correcting such bi-
ases often requires substantial resources, including
human post-editing and system retraining, which
introduces economic disparities (Savoldi et al.,
2024). As a result, already marginalized commu-
nities bear a disproportionate burden in addressing
these shortcomings, highlighting the importance of
developing more inclusive systems.

Prior work on gender bias in low-resource lan-
guages has begun to reveal the depth of the prob-
lem, though research remains sparse compared
to high-resource settings (Wairagala et al., 2022;
Ramesh et al., 2023). Most related to our work,
Sewunetie et al., (2024) constructed a benchmark
of 2,400 gender-balanced sentences for Amharic,
Afaan Oromo, and Tigrinya and evaluated Google
Translate and the NLLB model against it us-
ing both automatic metrics and human annota-
tion. Their human evaluators find that approxi-
mately 93% of English-to-Afaan-Oromo transla-
tions, 81% of English-to-Tigrinya translations, and
73% of English-to-Amharic translations exhibit
gender bias, making theirs the most comprehensive
gender bias benchmark for these three languages to
date. Crucially, Sewunetie et al., (2024) show that
the bias is rooted in the linguistic structure of each
language: Ambharic and Tigrinya encode gram-
matical gender in pronouns, verb agreement, and
many occupational titles, while Afaan Oromo con-
veys gender primarily through context rather than
morphology, meaning that bias manifests differ-
ently across the three languages. They also demon-
strate that professional names in standard datasets
are overwhelmingly presented in their masculine
form, directly linking dataset-level imbalance to
the observed translation errors. This finding mo-
tivates our own approach: rather than construct-
ing another template-based occupational bench-
mark, Yeswa-Stories introduces naturally occur-
ring, female-centred narratives that expose trans-
lation systems to a broader and more culturally
grounded distribution of gendered language. We
treat the benchmark of Sewunetie et al., (2024) as
areference point for interpreting our evaluation re-
sults and for situating our contribution within the
emerging literature on gender bias in Ethiopian
language MT.



3 Data Collection

The dataset was constructed through a multi-stage
and iterative process. Initially, we aimed to col-
lect stories and narratives specifically centered
on Ethiopian women directly from local sources.
However, we found that such content was either
scarce, not digitized, or not available in a struc-
tured format suitable for dataset creation. Simi-
larly, our attempts to locate parallel or comparable
articles focusing on women across Amharic, Afaan
Oromo, and Tigrinya were largely unsuccessful.

Due to these limitations, we shifted our ap-
proach to use English Wikipedia as a starting point.
We collected sentences from articles about no-
table African women, including scientists, pub-
lic figures, and other well-documented individuals.
These sentences served as a base for constructing
parallel data.

We then translated the collected sentences into
Ambharic, Afaan Oromo, and Tigrinya using hu-
man translators. This process posed significant
challenges due to the limited availability of skilled
translators and budget constraints, requiring care-
ful selection of sentences and prioritization of
quality over quantity.

To address the lack of cultural representation
in Wikipedia-derived content, we further incorpo-
rated locally sourced materials written in the target
languages. These included articles from Ethiopian
news outlets and cultural platforms that reflect tra-
ditional roles, festivals, and everyday experiences
of women. These texts were then translated into
the remaining languages to ensure full three-way
parallel alignment.

The final dataset is the result of combining these
two sources, balancing globally available narra-
tives with culturally grounded content. This de-
sign choice aligns with recent findings that empha-
size the importance of incorporating bias consider-
ations during dataset creation, rather than relying
solely on post-hoc evaluation (Nigatu et al., 2025).

3.1 Data Description

The final dataset consists of 1,300 parallel sen-
tences aligned across Amharic, Afaan Oromo, and
Tigrinya. The dataset includes a mix of globally
sourced and locally grounded content. Topics cov-
ered include biographies of notable women, de-
scriptions of cultural practices, traditional roles,
and narratives related to Ethiopian festivals and
community life. This diversity allows the dataset
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to capture different dimensions of gender repre-
sentation, moving beyond narrow professional do-
mains and incorporating culturally specific per-
spectives. All sentences are manually translated,
ensuring high-quality alignment and consistency
across the three languages. The dataset is intended
to support research on gender representation, bias
analysis, and inclusive translation.

4 Results

We evaluate the dataset by analysing the perfor-
mance of two widely used machine translation
systems—NLLB (NLLB Team et al., 2022) and
Google Translate—on Yeswa-Stories. We report
BLEU (Post, 2018) and chrF (Popovi¢, 2017)
scores computed against human reference transla-
tions across all six translation directions. Because
Ambharic, Tigrinya, and Afaan Oromo are morpho-
logically rich languages in which a single concept
can be realised through many valid surface forms,
chrF—which operates at the character level and
is therefore more tolerant of valid paraphrases—is
our primary metric. BLEU scores are reported for
completeness and comparability with prior work.
Table 1 presents the results. Three patterns emerge
clearly from the scores.

Overall scores are low, confirming dataset diffi-
culty. Even Google Translate—a well-resourced
commercial system—achieves chrF scores rang-
ing from 25.78 to 49.61, and BLEU scores be-
tween 4.79 and 15.80 across the six directions.
NLLB performs considerably worse, with BLEU
scores as low as 0.87 for Afaan Oromo—Tigrinya.
These figures are substantially below scores typ-
ically reported on standard benchmarks such as
FLORES for the same language pairs, indicating
that the female-centred narratives and culturally
grounded content in Yeswa-Stories present a harder
translation challenge than the news and Wikipedia-
domain text on which current systems are predom-
inantly trained and evaluated. This supports our
central argument that template-based and domain-
narrow benchmarks are insufficient for capturing
the full range of gendered language use in these
communities.

Google Translate consistently outperforms
NLLB. Google Translate surpasses NLLB
in every direction and on both metrics, with
the gap most pronounced for Afaan Oromo
as the source language: chrF differences of



Direction #Sents
Afaan Oromo — Ambharic 1,287
Afaan Oromo — Tigrinya 1,299
Ambharic — Afaan Oromo 1,300
Ambaric — Tigrinya 1,300
Tigrinya — Ambharic 1,300
Tigrinya — Afaan Oromo 1,300

NLLB Google Translate
BLEU chrF BLEU chrF
1.31 14.78 12.43 36.76
0.87 12.18 4.79 25.78
4.53  40.29 13.65 49.61
571  29.01 6.99 30.44
8.80 36.64 15.80 42.27
326 36.86 9.22 45.52

Table 1: BLEU and chrF scores for NLLB and Google Translate on Yeswa-Stories across all six translation directions, evaluated
against human reference translations. Higher is better for both metrics.

22.0 points (Oromo—Ambharic) and 13.6 points
(Oromo—Tigrinya). This pattern replicates and
extends the finding of Sewunetie et al. (2024),
who similarly observed NLLB underperforming
Google Translate on gender-sensitive content
for these three languages—there using an oc-
cupational benchmark, and here using naturally
occurring female-centred narratives. The con-
sistency of this finding across two structurally
different datasets strengthens the conclusion
that NLLB’s training data is particularly poorly
suited to gender-inclusive content in Ethiopian
languages.

Afaan Oromo as a source language is the hard-
est direction. Both systems perform worst when
translating from Afaan Oromo into either Amharic
or Tigrinya. This is consistent with the linguistic
profile of the language: as a Cushitic language,
Afaan Oromo is typologically distant from both
Semitic targets, and it conveys gender primarily
through context rather than overt morphological
marking (Sewunetie et al., 2024). The absence of
explicit gender morphology in the source makes it
harder for MT systems to select the correct gen-
dered form in the target, compounding the gen-
eral data scarcity for this language pair. Con-
versely, both systems perform best when Amharic
is the source language, reflecting its comparatively
larger digital presence and the availability of more
parallel training data.

4.1 Qualitative Analysis

Beyond aggregate scores, we manually examined
a subset of annotations to characterise the types of
errors produced by each system. Figure 1 presents
four representative examples drawn from the an-
notation of Afaan Oromo — Ambharic translations.
The examples illustrate distinct failure modes that
aggregate metrics alone cannot capture.

The examples in Figure 1 reveal three recurring
error patterns that are particularly consequential
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for a female-centred dataset. First, NLLB pro-
duces hallucinated content wholly unrelated to
the source: in Example 1, a sentence about Mary
Anning’s geological expertise is rendered as a de-
scription of art and literary work, erasing her scien-
tific identity entirely. Second, both systems exhibit
agency removal, where the grammatical subject—
always a woman in Yeswa-Stories—is dropped or
neutralised. In Examples 3 and 4, NLLB converts
active constructions in which Anning is the explicit
actor into passive or impersonal forms, so that her
contribution is no longer expressed. This is a direct
instance of the representational harm described by
Blodgett et al. (2020), the woman is present in
the source but invisible in the translation. Third,
we observe lexical substitution errors that dis-
tort factual content, as in Example 2 where Google
Translate replaces “cliffs” with “shelters” () and
mistranslates the season, producing a sentence that
is both factually incorrect and incoherent. These
qualitative findings complement the low aggregate
scores in Table 1 and illustrate why female-centred
narratives such as those in Yeswa-Stories are essen-
tial for exposing failure modes that template-based
occupational benchmarks do not surface.

5 Discussion and Conclusion

Our work highlights several important consid-
erations for gender-inclusive translation in low-
resource settings. First, relying solely on global
sources such as Wikipedia can lead to skewed rep-
resentations of women, often emphasizing specific
professions while neglecting culturally grounded
roles. Second, the inclusion of local data sources
is crucial for capturing the diversity of gendered
experiences and expressions. This is particularly
important for languages and communities that are
underrepresented in existing NLP resources.
Finally, the creation of high-quality parallel
corpora through human translation remains a
resource-intensive process, but it is essential for
ensuring linguistic and cultural accuracy. We hope



this resource will support future research on gen-
der bias evaluation and culturally aware machine
translation for low-resource languages.

Carbon Impact Statement

For our evaluation experiments, we used Google
Colab platform to run inference for the NLLB
model using a CPU runtime session. We used
the NLLB-base model which has 1.3B parameters.
During inference we used maximum token length
of 200, and used beam search with a beam size of
4. We also enabled early stopping. Since Google
Translate is a closed-source model, we do not have
the model details or the runtime environment de-
tails.
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Source (Afaan Oromo) MT Output (Ambharic) System Gender Bias Adequacy Annotator Comment
Anning became well known in geological R Dok NRELTE NN NAGCTS Unrelated translation: content about art
circles in Britain, Europe, and America, NA%%¢N OAM FPEIT $Hdd, ALY AF1-PNNSG NLLB Yes No andelije(:aturz sigst?n;tz; ent about a
and was consulted on issues of anatomy OPY-RhE  PEPT  WRUP  NP1-RhE for \ nd fossil collectin
as well as fossil collecting RHIBIVYP £F0PA or geology and fossit collecting
Anning became well known in geological .
circles in Britain, Europe, and America, A7) INEFIE: ADET K6 KRN 9 107 Accurate rendering of her role as researcher
and was consulted on issues of anatom h7IMINAT RO Google No Yes and advisor
; ' Y1 N6 0ren B¢ a0vng RO
as well as fossil collecting
The cliffs could be dangerously unstable, MHE MASPT NtAE NND 0%+ OIHF “@MASPYE" (shelters) used instead of
especially in winter when NFLMANT WH FIC A n&D ASANTA &FA Google No No “cliffs"; season also mistranslated
rain weakened them, causing landslides NG (“winter” is translated as “summer”)
. L . . Named entity mistranslation; action no
Her investigations played a crucial role in | ttributed to her -
several finds...coprolites..belemnite | N@#E “SHC £ISH"_NAKFH eNAM 1AM | NLLB Yes No onger attributed to her
fossils agency erased and sentence turned
neutral
Subject (she/her) removed; sentence
Henry De la Beche..sold prints for her oU7 WYEL.STACHET NAL ST ot NLLB Yes No turned passive and neutral ---

benefit

RNAYT AL PTODWEE NG

her agency in the discovery is no longer
expressed

Figure 1: Representative annotation examples from the Afaan Oromo — Ambaric subset of Yeswa-Stories. Underlined phrases
highlight the specific mistranslated or problematic text identified by annotators. Gender Bias and Adequate Translation are
majority-vote human annotation labels (Yes/No). We put a figure of the table since the conference guidelines do not support
Ge’ez script fonts.

A Additional Result

In this section, we provide qualitative results. In
Figure 1, we provide representative annotations to
complement the quantitative results reported in Ta-
ble 1.
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Abstract

Gender bias in automated translation (AT)
is well-documented for English-source
language pairs, while source languages
generally lacking grammatical gender re-
main largely understudied. This paper ad-
dresses the Chinese—Portuguese direction,
a language pair that has received little at-
tention in this context. We developed a
Chinese challenge set of 495 sentences
constructed from 45 occupations across
an eleven-sentence template matrix, sys-
tematically varying the type and syntac-
tic position of gender cues: no cue, ex-
plicit prenominal modifiers, and coreferen-
tial pronouns varying in position and syn-
tactic complexity. We tested two com-
mercial neural machine translation (NMT)
systems and six large language models
(LLMs) with this challenge set. Results
show a clear hierarchy of cue effective-
ness: explicit prenominal modifiers yield
universal 100% accuracy; in the absence of
gender cues, models predominantly default
to masculine forms; and coreferential pro-
nouns in complex sentences reveal a pro-
nounced masculine—feminine asymmetry.
Also, LLMs demonstrate more symmet-
ric gender cue processing than NMT sys-
tems. Our data and code are available at
https://github.com/xu-xiaol
an/chinese-challenge-set—-gen
der-bias.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.
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1 Introduction

Automated translation (AT), encompassing both
neural machine translation (NMT) systems and
general-purpose large language models (LLMs)
used for translation tasks, has become a central
tool for cross-linguistic communication, although
its reliance on large-scale naturally occurring data
makes it susceptible to reproducing and amplifying
the biases present in human-generated text (Zhao
et al., 2017; Blodgett et al., 2020). Gender bias is
among the most thoroughly studied bias phenom-
ena: training corpora tend to over-represent male-
centric contexts in comparison to female-centric
ones, and models trained on such data may encode
stereotypes that surface systematically in their out-
puts (Savoldi et al., 2021).

In this context, the research on gender bias
in MT has expanded substantially over the past
decade. Stanovsky et al. (2019) introduced the
first challenge set and evaluation protocol for mea-
suring gender bias in MT, revealing systematic
inaccuracies across four commercial systems and
two academic models. Subsequent work has pro-
posed a range of mitigation strategies (Font and
Costa-Jussa, 2019; Saunders and Byrne, 2020;
Costa-Jussa et al., 2022; Fleisig and Fellbaum,
2022). Challenge sets and benchmarks have been
developed for numerous language pairs and sys-
tems (Piergentili et al., 2023; Sewunetie et al.,
2024), and the role of sentence context in shap-
ing AT gender behavior has received growing at-
tention (Sharma et al., 2022; Hackenbuchner et
al., 2024; Gkovedarou et al., 2025). Despite this
breadth of research topics, the existing literature
exhibits a consistent skew: English is almost in-
variably the source language, and the language
pairs studied are largely Indo-European, leaving

Proceedings of the 4th Workshop on Gender-Inclusive Translation Technologies (GITT 2026), pages 87-99
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typologically distinct languages such as Chinese—
Portuguese largely unexamined.

Gender bias in AT manifests in several ways, in-
cluding the default assignment of masculine forms
to gender-ambiguous referents and the stereotyp-
ical gendering of occupational nouns (Bonifacio
et al., 2025). These errors are particularly
consequential when the target language encodes
grammatical gender morphologically: in Por-
tuguese, a single mistaken gender assignment
propagates across determiners, adjectives, and par-
ticipial forms through morphosyntactic agreement.
Furthermore, the translation of gender informa-
tion is particularly challenging in the Chinese—
Portuguese direction, as in Chinese, gender is
marked only in written forms of third-person pro-
nouns (f/ith/'E, ‘he/she/it’, all pronounced 1),
while nouns carry no morphological gender mark-
ing. In this way, when translating from Chinese
into Portuguese, AT systems must resolve a gen-
der value that is simply absent in the source.

Besides the linguistic asymmetry outlined
above, studying the Chinese—Portuguese language
pair is also motivated by several practical rea-
sons. Chinese and Portuguese are among the most
widely spoken languages globally, and expand-
ing economic and cultural ties between China and
Portuguese-speaking countries have substantially
increased translation demand in this direction, gen-
erating a substantial and increasing translation de-
mand between these two languages. Also, the Spe-
cial Administrative Region of Macao, where both
Chinese and Portuguese are the official languages
and which China has been promoting and sup-
porting as a hub between China and Portuguese-
speaking countries, represents a unique context in
which Chinese—Portuguese translation is an every-
day institutional reality, making the accuracy and
fairness of AT systems involving this language pair
a matter of immediate practical consequence.

The present study addresses the construction
and evaluation of a Chinese challenge set, de-
signed to assess how different linguistic conditions
in Chinese source sentences impact gender bias in
Chinese—Portuguese AT outputs. The challenge set
is developed with three objectives: (1) to develop a
replicable methodology and dataset for evaluating
gender bias in AT when Chinese is the source lan-
guage; (2) to evaluate how different linguistic con-
ditions impact gender bias across AT systems; and
(3) to propose a replicable methodology for con-
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structing gender bias challenge sets for AT when
no such datasets are available.

To achieve these goals, we evaluate the outputs
of eight AT systems: two commercial NMT en-
gines and six recently released LLMs.

Section 2 reviews related work on gender bias
in AT and provides the linguistic background for
the study. Sections 3 and 4 detail the experimen-
tal setup and Chinese dataset construction. Section
5 reports the results, and Section 6 discusses the
findings and presents conclusions and future work.

2 Related Work and Background
2.1 Gender Bias in AT

Gender bias in MT has attracted considerable at-
tention over the past decade, since MT train-
ing data often reflects societal gender imbalances,
leading models to perpetuate or amplify these bi-
ases (Zhao et al., 2017). Such inaccuracies not
only distort meaning but also increase post-editing
time and cost (Savoldi et al., 2024).

To evaluate and measure gender bias across
MT systems, Stanovsky et al. (2019) established
the foundational benchmark WinoMT, a challenge
dataset and evaluation protocol, which revealed
systematic inaccuracies in both industrial and aca-
demic systems. Subsequent work proposed var-
ious mitigation strategies for NMT models, in-
cluding debiasing word embeddings (Font and
Costa-Jussa, 2019), transfer learning (Saunders
and Byrne, 2020), and novel learning frameworks
(Fleisig and Fellbaum, 2022), though these ef-
forts have focused predominantly on English as
the source language. Even if work has been de-
veloped on other languages, e.g. Prates et al.
(2020) demonstrated that gender-neutral languages
can serve as a lens for examining gender bias in
MT; and Cho et al. (2019) constructed a Korean
gender bias test set, highlighting the need for eval-
uation resources for other languages, Chinese as a
source language, and the Chinese—Portuguese lan-
guage pair remain underexplored.

Recent work has begun to examine gender bias
in AT outputs produced by LLMs, revealing that
base LLMs exhibit a higher degree of gender
bias than NMT models in English-to-Catalan and
English-to-Spanish translation (Sant et al., 2024),
although according to these authors, prompt engi-
neering reduces gender bias by up to 12%. Ad-
ditionally, Kaneko et al. (2024) show that Chain-
of-Thought prompting reduces LLM gender bias



even on simple tasks. Popovi¢ and Lapshinova-
Koltunski (2024) add another interesting result,
showing that ChatGPT introduces different gen-
der bias patterns when compared to MT systems.
These findings suggest that model architecture
plays a meaningful role in bias behavior, motivat-
ing cross-system comparative analyses.

2.2 Grammatical Gender in Chinese and
Portuguese

Chinese has a semantic gender assignment system
according to Corbett (1991), in which gender is
only visible in the pronominal domain, and only
in third-person pronouns in written Chinese. Con-
sequently, there are many “personal dual gender”
nouns (Quirk and Crystal, 2010), i.e., nouns whose
gender is not encoded in the noun itself but must
be inferred from context. Portuguese, by contrast,
has a semantic-and-formal gender system (Cor-
bett, 1991), in which gender is an inherent prop-
erty of nouns and triggers agreement in various
domains (Raposo et al., 2013). This asymmetry
is a crucial motivation for our study, as it creates a
systematic challenge for models performing trans-
lation between this language pair: the system must
infer and assign grammatical gender using contex-
tual cues that Chinese does not grammatically en-
code.

Chinese. Chinese is therefore typically classified
as a language with covert gender. As an isolat-
ing language, Chinese words and characters do not
present any morphological changes, independently
of the head noun or any other constituents. This
formal invariance leads to the classification of Chi-
nese as a language with a pronominal gender sys-
tem, i.e., a language where gender distinctions are
manifested solely through personal pronouns (Cor-
bett, 1991), and only in third-person pronouns in
written text.

Chinese utilizes a tripartite distinction in its
written third-person singular pronouns: ftfl (a,
‘he’) for masculine human referents, It} (@, ‘she’)
for feminine human referents, and & (¢a, ‘it’) for
non-human entities, i.e., animals or inanimate ob-
jects. The corresponding plural forms are con-
structed simply by appending the plural morpheme
‘{7 (mén)’ to these singular bases. Despite these
orthographic distinctions, the spoken form remains
an identical homophone (¢@). Thus, in oral com-
munication Chinese does not offer any gender
cues, relying entirely on context for referent iden-
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tification.

Secondly, gender assignment in Chinese is pre-
dominantly determined by semantic criteria. Hu-
man referents are assigned gender according to
their biological sex (male or female), while non-
human referents fall into the neuter category. Hu-
man denoting nouns illustrate this semantic re-
liance in a particularly clear way. Lexical items
such as F]HL (‘driver’), ¥ (‘nurse’), and Z /i
(‘teacher’) are inherently underspecified with re-
spect to gender. In language data involving this
type of nouns, the noun itself remains invariant,
and the gender of the referent is surfaced only
through the gender of coreferential pronouns or ex-
plicit lexical modifiers.

When gender must be specified for clarity, Chi-
nese employs lexical encoding rather than mor-
phological inflection. For human referents, this
is achieved by prefixing the noun with the mor-
phemes 5 (‘male’) or 2 (‘female’), as illustrated
in (1):

(1) (a) BFEIH (‘male driver’) / Z W (‘female
driver’)
(b) B+ (‘male nurse’) / Z 1 (‘female

nurse’)

Portuguese. The Portuguese language instanti-
ates a pervasive grammatical gender system distin-
guishing masculine and feminine categories (Ra-
poso et al., 2013). Gender is an inherent mor-
phosyntactic property of the noun that governs
agreement across the sentence.

Assignment follows both semantic and formal
criteria (Kibort and Corbett, 2008): while nouns
referring to male referents are typically masculine
and those referring to female referents feminine,
the gender of inanimate nouns is largely arbitrary
(copo [masc., ‘glass’] vs. janela [fem., ‘window’]),
creating a significant challenge for computational
models that must encode gender as a lexical prop-
erty.

Occupation nouns exhibit several patterns.
Some have different forms for masculine and
feminine (enfermeiro/enfermeira, ‘nurse’), others
maintain a single form relying on the determiner
to signal gender (o/a estudante, ‘the student’).
This variation is directly relevant to AT evaluation,
as the surface form of the translated occupation
noun constitutes the primary observable evidence
of gender bias in translation output.

The true complexity of the Portuguese system
lies in its agreement domain. Gender is not a



localized feature; it percolates through the entire
nominal phrase and beyond. Determiners, includ-
ing definite articles (o/a, ‘the’), indefinite arti-
cles (um/uma, ‘a’), and demonstratives (este/esta,
‘this’; aquelelaquela, ‘that’), must agree with the
head noun in gender, as must adjectives with gen-
dered forms. The numeral and pronominal sys-
tems are also partially gendered: cardinal num-
bers (um/uma, ‘one’; dois/duas, ‘two’), posses-
sives (meu/minha, ‘my’), and third-person pro-
nouns (ele/ela, ‘he/she’) all carry gender distinc-
tions. Gender agreement further extends to the ver-
bal system: in passive constructions, past partici-
ples also agree in gender and number with the sub-
ject (foi aberta [fem.][sg.], ‘was opened’). This
level of syntactic integration means that a single
gender assignment can dictate the morphological
form of multiple subsequent words.

These structural properties create a fundamen-
tal challenge for Chinese—Portuguese AT: gender
must be overtly expressed across multiple syntac-
tic domains in the target, although it is entirely ab-
sent from the source. Failure to identify the correct
gender value in the source produces agreement er-
rors and may generate misinterpretation due to un-
intended bias in the translation output.

2.3 Linguistic Conditions as Gender Cues

Gender marks in languages are not fixed proper-
ties. At the same time, the gender assigned to a
referent in the target language can shift depend-
ing on the linguistic information available in the
source sentence.

The most extensively studied gender cue type
is the coreferential pronoun. Stanovsky et al.
(2019) built WinoMT on this principle: source sen-
tences describe a scenario involving two occupa-
tion nouns, with a personal pronoun indicating the
gender of one referent (e.g., The developer argued
with the designer because she did not like the de-
sign).

These sentences are structurally ambiguous with
respect to pronoun reference, requiring AT sys-
tems to resolve the referent without the pragmatic
resources available to human readers. WinoMT
thus constitutes a sensitive instrument for detecting
gender bias: when a system defaults to a stereo-
typical gender assignment rather than following
the pronominal cue, the bias becomes directly ob-
servable in the translation output. The interaction
between pronoun cues and occupational stereo-
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types has since become a standard axis of evalua-
tion in gender bias benchmarks (Levy et al., 2021;
Sewunetie et al., 2024; Gkovedarou et al., 2025).

Beyond pronouns, sentence-level context has
been shown to exert a meaningful influence on
AT outputs. Hackenbuchner et al. (2024) com-
pared gender translations of role names presented
in isolation versus embedded in full sentences: out
of context, 95% of role names were rendered in
the generic masculine, whereas in sentence con-
text this proportion dropped to 82%, with words
such as coordinator, mechanic, and musician shift-
ing gender depending on the surrounding context.

A third category of cue is the proper name. Al-
though names function as implicit gender signals
in many languages, they have been identified as
unreliable carriers (Saunders and Olsen, 2023);
they are therefore not considered as a condition in
the present challenge set.

When the source is a language with a pronomi-
nal gender system such as Chinese, whether these
cue types function in the same way remains an
open empirical question that motivates the typol-
ogy of linguistic conditions developed in Sec-
tion 4.

3 Methodology

3.1 Translation Systems

To ensure broad coverage of the current auto-
mated translation landscape, eight systems were
selected for evaluation: two commercial NMT
engines and six LLMs. The two NMT systems
(Google Translate and DeepL Translator) were ac-
cessed via API on February 26, 2026. The six
LLMs were accessed via API on March 1 and 2,
2026, representing a diverse range of developer
origins (United States, France, and China) and
access modalities (proprietary and open-source):
GPT-5.2 (OpenAl, hereafter GPT), Claude Sonnet
4.6 (Anthropic, hereafter Claude), Ministral-14B-
2512 (Mistral Al, hereafter Ministral), Qwen3.5-
397B-A17B (Alibaba, hereafter Qwen), Llama-
3.3-70B-Instruct (Meta, hereafter Llama), and
DeepSeek V3.2 (DeepSeek, hereafter DeepSeek).
All systems were instructed to output European
Portuguese.

For the LLM systems, translation was per-
formed via API calls with temperature set to O
across all models to minimize output variability
and ensure reproducibility. Each sentence was sub-
mitted as an independent query with no prior con-



versational context, eliminating any potential in-
fluence of cross-sentence memory on gender out-
put. All LLMs received an identical prompt:
“Translate the Chinese sentence into European
Portuguese. Output only the translated text. Do
not include quotes or explanations.”

3.2 The Data

We used a purpose-built dataset (described in de-
tail in Section 4) consisting of 495 Chinese sen-
tences involving 45 occupational nouns (15 male-
biased, 15 female-biased, and 15 unbiased) across
11 conditions encoding different gender cue types
(Section 4.3). The 495 source sentences were
translated into European Portuguese by the 8 sys-
tems described in Section 3.1, generating 3,960
target sentences.

3.3 Annotation Procedure

To evaluate the extent to which the eight models
considered in this study were able to take into ac-
count different linguistic cues in the source sen-
tence to achieve correct gender assignment in the
target, the 3,960 outputs generated underwent an
annotation process.

The annotation focused on the gender of all the
elements in the translated noun phrase headed by
the occupation target noun. Overall translation
quality or syntactic correctness was not considered
at this stage. This targeted approach reflects the fo-
cus of this study: determining which gender value
does each AT system assign to the target noun, and
whether this assignment aligns with the gender in-
formation present in the Chinese source.

Gender was determined firstly and primarily
from the morphological form of the occupation
noun in Portuguese. As all gendered elements in
the noun phrase were considered, in cases where
the noun form is invariant across genders, gen-
der was inferred from the determiner (o/a, os/as,
estelesta, aquelelaquela). Gender assignment was
counted as correct if and only if the gender of all
the elements in the target noun phrase matched the
gender specified in the source, irrespective of num-
ber agreement or gender marking outside the nom-
inal phrase.

Annotation was aided by a rule-based semi-
automated procedure. A reference lexicon was
compiled containing the masculine and feminine
Portuguese surface forms of all 45 occupation
nouns included in the challenge set (see Section
4). Each system output was automatically matched
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against this lexicon: tokens identified as mascu-
line forms were labelled M, feminine forms were
labelled F. Cases not recognized in the matching
process, as well as occupation nouns with identical
masculine and feminine Portuguese forms, were
manually annotated by the first author, a trained
linguist and native speaker of Chinese with ad-
vanced proficiency in Portuguese. All annotation
labels were then reviewed by the same annotator
to ensure consistency, and later validated by the
second author, a native speaker of Portuguese.

4 Chinese Challenge Set Construction

Although a large-scale Chinese—Portuguese par-
allel corpus is available (Chao et al., 2018), it
was compiled from news, legal, and general web
sources and was not designed for gender-related
linguistic research, rendering it unsuitable for gen-
der bias evaluation without substantial curation.
As no suitable dedicated challenge set exists for
the Chinese—Portuguese language pair, we devel-
oped a methodology to generate such data from
existing sources.

4.1 Data Source and Occupation Selection

To select the target nouns considered in this study,
we drew on data from the U.S. Bureau of Labor
Statistics (BLS) 2024 Current Population Survey
(CPS), specifically on the information reported re-
garding: Employed persons by detailed occupa-
tion, sex, race, and Hispanic or Latino ethnicityl,
which provides nationally representative statistics
on the gender composition of the U.S. labor force.

The BLS statistics are employed here as an oper-
ationalization criterion for classifying occupations
into gender stereotype categories, as no compa-
rable data is available for China or Portuguese-
speaking countries. The classification serves to
ensure a replicable and empirically grounded par-
tition of occupations; it does not presuppose that
the same distributions obtain in the cultural con-
texts most relevant to the source or target language
of this study. The stereotype classification (see
4.2) was nonetheless validated against data avail-

able for Portugal® and the EU? which presents in-
'Available at https://www.bls.gov/cps/cpsaatl 1.htm.  Ac-
cessed on February 22, 2026.

2 Available at https://www.cig.gov.pt/wp-
content/uploads/2023/11/BE2023trabalho.pdf. Accessed
on May 15, 2026.

3Available at https://ec.europa.eu/eurostat/web/products-
eurostat-news/-/edn-20180307-1. Accessed on May 15,
2026.



formation aggregated into groups of professional
activities.

From the aforementioned data, we selected
45 occupations to achieve a balanced and rep-
resentative distribution across the gender spec-
trum. Only occupations corresponding to lexical-
ized and widely recognized professional categories
in Chinese and Portuguese were selected. The
selection also prioritized occupations with a to-
tal employed population exceeding 100,000 work-
ers, although three occupations with totals between
90,000 and 100,000 were included: 2% (“veteri-
narian’, 98,000), #1¥ (‘translator’, 92,000), and
=S| (‘paramedic’, 95,000), given their proxim-
ity to the threshold and their status as prototypical
and widely recognized occupational categories.

4.2 Stereotyping Classification

To operationalize occupational gender stereotyp-
ing, we classified the 45 occupations selected into
three groups based on the proportion of female
workers (female%) as reported in the BLS dataset:

» Male-stereotyped (M): female% < 40% (e.g.,
N ‘carpenter’, 4.2%; B ‘CEO’, 33.0%)

* Neutral (N): 40% < female% < 60% (e.g.,
#HI% ‘professor’, 49.9%; V&M ‘bartender’,
54.3%)

» Female-stereotyped (F): female% > 60%
(e.g., 17 ‘nurse’, 86.8%; Fh 5 ‘secretary’,
91.4%)

Each category contains 15 occupation nouns,
yielding a balanced three-way partition of 15 male-
stereotyped, 15 neutral, and 15 female-stereotyped
occupation nouns. The thresholds of 40% and 60%
were determined empirically to yield groups of
equal size, ensuring comparability across experi-
mental conditions. A narrower neutral band (e.g.,
45-55%) would have produced an uneven distri-
bution across categories, undermining the facto-
rial balance of the design. The +10 percent-
age point margin around parity additionally avoids
misclassifying near-parity occupations as stereo-
typed, a concern that arises when a strict 50% bi-
nary threshold is applied (Gkovedarou, 2025).

4.3 Sentence Design

To isolate the effect of occupational gender stereo-
typing from confounding lexical variables, all 495
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sentences are constructed using a fixed set of pred-
icate structures held constant across all 45 occu-
pation nouns (see Table 1). Since the predicate
is identical, any observed variation in translation
outputs can be attributed to the occupation noun—
gender cue interaction rather than to verb-specific
gender associations. Each occupation noun is em-
bedded in a matrix of 11 sentence types, described
in the following paragraphs.

Base Condition. The base sentence
(base_null) contains the occupation noun
with no gendered pronouns or explicit gender
markers, establishing a measure of the model’s
default gender assignment in the absence of any
linguistic gender cue.

Explicit Gender Cue. In these two sentence
types (exp-m and exp_f), the occupation noun
is preceded by an explicit gender modifier (%/7,
i.e., malelfemale), providing the model with maxi-
mal lexical evidence of the gender of the referent.
These sentences test whether overt lexical gen-
der marking is sufficient to override the model’s
stereotype prior—including in cases where the
explicit gender modifier contradicts the gender
stereotypically associated with the occupation
noun (e.g., B I, ‘male nurse’, given that this
profession is strongly female-stereotyped).

Coreference Conditions. The remaining eight
sentence types are generated by orthogonally
crossing three binary variables, yielding eight
distinct conditions involving pronouns holding a
coreference relation with the target noun. Each
sentence type is assigned a semantic tag en-
coding all three dimensions simultaneously (e.g.,
ante_cpx_f):

The first factor is linear order. In sentences iden-
tified with ante, the occupation noun precedes
the personal pronoun. In sentences identified with
post, the personal pronoun precedes the occupa-
tion noun, requiring the model to resolve the ref-
erence of the pronoun retrospectively once it finds
the occupation noun.

The second factor distinguishes simple and
complex sentences. Simple sentences (smp) con-
sist of a single clause with coreference being estab-
lished within the same syntactic domain. Complex
sentences (cpx) involve two clause structures that
increase the syntactic distance between the occu-
pation noun and the coreferential pronoun, placing



Tag Chinese Sentence English Gloss
basenull FEIFHIAIR T —4% {occupation noun} - I recently got acquainted with a(n) {occupation
noun}.

expam A HIAIR T —4 5 {occupation noun} -
exp_f FHAHIAIR T —4 L {occupation noun} -

ante_smp._m X%
ante_smp_f X%
ante_cpx.m

ante_cpx_f

A& — 4 48/ B {occupation noun} -
& — & 48,0 AT {occupation noun} -

post_smp.m
post_smp_f

post_cpx.m
2 {occupation noun} -

post_cpx_f
% {occupation noun} o

{occupation noun MR E M B CA0 TAEERSS .
{occupation noun MREI#E I B T TEEA -
FHIEHIAIR T — 4 {occupation noun}, LIEH 4

Lo
FHIEHFIAR T — 4 {occupation noun}, UbIEH 2H
Lo

H R IGE AL, BT ARKA i fE X

F R G F AL, BT ARK A i fE X

I recently got acquainted with a male
{occupation noun}.

I recently got acquainted with a female
{occupation noun}.

This {occupation noun} is very satisfied with
his work environment.

This {occupation noun} is very satisfied with
her work environment.

I recently got acquainted with a(n) {occupation
noun}, and he is very meticulous.

I recently got acquainted with a(n) {occupation
noun}, and she is very meticulous.

He is a meticulous {occupation noun}.
She is a meticulous {occupation noun}.

Because he demonstrates such meticulousness,
everyone trusts this {occupation noun} so
much.

Because she demonstrates such meticulous-
ness, everyone trusts this {occupation noun} so
much.

Table 1: The eleven sentence templates used in the challenge set. Gender-bearing elements (modifiers and pronouns) are shown
in bold (Latin script) and underlined (Chinese script). {occupation noun} denotes the placeholder replaced by each of

the 45 occupation nouns.

greater demand on the coreference resolution ca-
pacity of the model.

The third factor identifies the gender of the per-
sonal pronoun as either masculine (m) (ftfl, ‘he’) or
feminine (£) (Itfl, ‘she’).

In total, there are 11 sentences for each occupa-
tion noun following the aforementioned templates,
yielding a corpus of 45 x 11 = 495 source sen-
tences. The complete sentence matrix is illustrated
in Table 1. All 495 Chinese source sentences were
reviewed for naturalness and grammaticality by
the first and third authors, both native speakers of
Chinese.

5 Results

All results are reported as gender accuracy per-
centages across 45 sentences per condition per sys-
tem (N = 45), with masculine (M) and feminine
(F) outputs evaluated separately against the gender
value expected given each source sentence con-
dition. Two 2gen outputs were identified in the
dataset: instances in which a system produced a
form with ambiguous or inclusive gender marking,
for example, um(a) tripulante (‘a crew member’),
este/a empregado/a (‘this employee’). These cases
are reported in footnotes where they occur.
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Tables 2, 3, and 4 report gender output distribu-
tions, masculine—feminine asymmetry, and infer-
ential statistics, respectively.

5.1 Base Condition

Under the base_null condition, source sen-
tences did not contain gender information of any
kind. Therefore, gender assignment in the Por-
tuguese output reflects each system’s default gen-
der associated with each noun in our dataset.

All eight systems exhibited a strong masculine
default bias (Table 2). Masculine outputs ranged
from 77.8% (Ministral) to 93.3% (DeepSeek), with
a cross-system mean of 86.1%. Feminine out-
puts were consistently marginal, never exceeding
22.2% for any system. This experimental condi-
tion establishes the base results against which the
effect of explicit and implicit gender cues in sub-
sequent conditions is assessed.

5.2 Explicit Gender Cues

When prenominal gender modifiers H/%
(‘male/female’) immediately preceding the occu-
pation noun were used, all eight systems achieved
100.0% accuracy on both target genders, including
anti-stereotypical cases (e.g., 2 L&, ‘female
engineer’), indicating that overt lexical gender



Model base_null ante_smp ante_cpx post_smp post_cpx
M% MAcc.% FAcc% MAcc.% FAcc.% MAcc.% FAcc.% M Acc.% F Acc.%

Google Translate 82.2 100.0 100.0 77.8 28.9 100.0 100.0 100.0 80.0
DeepL Translator 86.7 100.0 100.0 88.9 24.4 100.0 100.0 100.0 97.8
GPT-5.2 82.2f 100.0 100.0 95.6 100.0 100.0 100.0 97.8 100.0
Claude Sonnet 4.6 88.9 100.0 100.0 97.8 100.0 100.0 100.0 100.0 100.0
Ministral-14B 77.8 82.2% 82.2 80.0 91.1 100.0 100.0 91.1 48.9
Qwen3.5-397B 91.1 100.0 100.0 97.8 100.0 100.0 100.0 100.0 100.0
Llama3.3-70B 86.7 100.0 88.9 86.7 62.2 100.0 100.0 97.8 28.9
DeepSeek V3.2 93.3 93.3 64.4 97.8 97.8 100.0 100.0 93.3 95.6
Mean 86.1 97.0 92.0 90.3 75.5 100.0 100.0 97.5 81.4

Table 2: Gender output distribution under the base (base_null) and all other conditions, by system (N=45 per condition
per system). M% (base_null) = proportion of masculine outputs in sentences without any gender information. M/F Acc.%
= proportion of outputs in which the occupation noun phrases are correctly rendered in masculine/feminine form under the
respective linguistic conditions. All explicit gender cue conditions (exp_m and exp_f) yielded 100.0% accuracy across all

eight systems and are, thus, omitted from the table.

fGPT produced one 2gen output under base_null, counted as a non-masculine response. *Ministral produced one 2gen
output under ante_smp_m, counted as incorrect for M Acc.%.

expression constitutes a fully sufficient cue that no
system overrides based on the gender-stereotype
bias of the model.

5.3 Coreference Conditions

Results pertaining to gender information rendered
by coreference relations are examined along each
of the three factors tested in our data: pronoun
position (occurring before or after the occupation
noun), syntactic complexity (simple and complex
sentences), and gender of the target noun (mascu-
line and feminine).

Position. Conditions in which the gendered
pronoun precedes the target occupation noun
(post) consistently outperform their counterparts
in which the target noun precedes the pronoun
(ante) across both complexity levels: under sim-
ple sentences, post achieves 100.0% for both M
and F, while ante reaches 97.0% (M) and 92.0%
(F); under complex sentences, post also shows
higher accuracy than ante for both genders (M:
97.5% vs. 90.3%; F: 81.4% vs. 75.5%). This ad-
vantage is consistent with left-to-right token pro-
cessing: when the gender-carrying pronoun occurs
before the gender unmarked noun in the source
sentence, it is encoded into the contextual repre-
sentation before the occupation noun is reached,
providing a stronger prior for gender selection and
reducing the window in which occupational stereo-
type defaults can take effect.

Complexity. Syntactic complexity produces the
most pronounced performance drop in the condi-
tions included in the dataset. In simple sentence
structures, six of the eight models achieve per-
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fect or near-perfect performance regardless of tar-
get gender or pronoun position. However, in com-
plex sentence structures, performance degrades
substantially, with the greatest variation observed
when a feminine pronoun occurs after the target
noun (ante_cpx_f): Google Translate falls to
28.9% and DeepL to 24.4%, meaning that in more
than 70% of cases these systems fail to render the
feminine gender information conveyed by the pro-
noun in the source sentence. By contrast, GPT,
Claude, and Qwen maintain accuracy at or above
97.8% across all complex conditions, demonstrat-
ing robust coreference resolution under increased
syntactic distance and with lower sensitivity to lin-
ear order.

Target gender. Under simple conditions, the gap
between masculine and feminine accuracy is mod-
est: 5.0 percentage points in ante conditions (oc-
cupation noun precedes pronoun) and no differ-
ence in post conditions (pronoun precedes occu-
pation noun). Under complex conditions, this gap
widens notably: 14.8 and 16.1 percentage points
for ante and post, respectively. In other words,
complex sentence structures do not merely reduce
accuracy overall; the reduction is greater for femi-
nine cues than for masculine cues.

This pattern suggests that gender asymmetry is a
latent tendency among the eight models tested, that
is amplified when syntactic complexity increases:
under simple conditions, systems handle both gen-
ders adequately; under complex conditions, they
retreat towards masculine default.



Model AaSmp Aanx Apsmp Apcpx A
Google Translate +0.0 +489 +0.0 +20.0 +17.2
DeepL Translator  +0.0 +64.5 +0.0 +2.2 +16.7
GPT-5.2 +0.0 —-44 +00 -22 -17
Claude Sonnet4.6 +0.0 —-22 +0.0 +0.0 —0.6
Ministral-14B +0.0 —11.1 +0.0 +422 +7.8
Qwen3.5-397B +0.0 -—-22 +0.0 +0.0 —-0.6
Llama3.3-70B +11.1 +245 +0.0 +68.9 +26.1
DeepSeek V3.2 +289 +00 +0.0 -23 +6.7
Mean +5.0 +14.8 +0.0 +16.1 +9.0

Table 3: Masculine—feminine accuracy asymmetry (A = M
Acc.% — F Acc.%, in percentage points) by system and coref-
erence condition. Positive values indicate superior mascu-
line accuracy; negative values indicate superior feminine ac-
curacy. Agsmp = ante_smp; Aucpx = ante_cpx; Apsmp =
post_smp; Apcpx = post_cpx; A = mean across the four
conditions.

Predictor 5 OR 95% Cl1

Ref.: M gender, smp, ante, NMT, neutral

Target gender: F —1.421 0.24 [0.17,0.33] ***
Complexity: cpx  —1.840 0.16 [0.11,0.23] ***
Position: post +0.927 2.53 [1.87,3.41] ***
System type: LLM  +0.775 2.17 [1.61,2.92] **%*
Stereotype: M —0.652 0.52 [0.35,0.78] **
Stereotype: F —0.245 0.78 [0.51,1.19]

N=2380 AIC=1376.9 02.=0.0758

Table 4: Mixed-effects logistic regression predicting correct
gender accuracy in coreference conditions (/N=2,880; occu-
pation included as random intercept). 3 = log-odds coeffi-
cient; OR = odds ratio; 95% CI = confidence interval for OR.
Reference category: masculine target gender, smp, ante,
NMT system, gender-neutral stereotype. ** p < .01; *%%*
p < .001.
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Table 3 quantifies the masculine—feminine ac-
curacy gap per system and condition, comple-
menting the aggregate patterns discussed above
with system-level detail. The cross-system
mean confirms the complexity-driven amplifica-
tion identified in Section 5.3: mean A re-
mains substantially lower under simple conditions
(Apsmp=+0.0, Ausmp=+5.0) than under complex
ones (A,cpx=+14.8, Apcpx=+16.1).

At the system level, Google Translate
(Aacpx=+48.9) and DeepL (Aucpx=+64.5) show
the largest masculine advantage under ante_cpx
condition, while Llama records the highest overall
asymmetry (A=+26.1). By contrast, GPT, Claude,
and Qwen show marginally negative A values,
indicating effectively symmetric gender cue
processing across conditions.

M-F Asymmetry Across Conditions

5.5 Predictors of Gender Accuracy

To assess whether the observed patterns reflect sta-
tistically stable effects, we fitted a mixed-effects
logistic regression model predicting gender accu-

95

racy across all coreference conditions (base con-
dition excluded as gender-indeterminate; explicit
conditions excluded due to 100% accuracy with
zero variance; N=2,880). Five predictors were en-
tered as fixed effects: target gender, syntactic com-
plexity, occupation noun position, system type,
and occupational gender stereotype, with occupa-
tion as a random intercept to account for depen-
dence among observations sharing the same oc-
cupation noun across conditions. Results are re-
ported as odds ratios (OR) with 95% confidence
intervals (Table 4).

All predictors except F-stereotyped occupation
reached statistical significance: target gender, syn-
tactic complexity, occupation noun position, and
system type at p < .001, and M-stereotyped occu-
pation at p < .01. Syntactic complexity produces
the largest effect (OR=0.16, CI1[0.11, 0.23]): com-
plex sentences reduce the odds of accuracy to just
16% of those under simple conditions, confirming
it as the strongest individual predictor of transla-
tion failure.

Target gender is the second strongest predictor
(OR=0.24, CI [0.17, 0.33]): feminine-cued sen-
tences are statistically harder to resolve correctly
than masculine-cued ones across all models and
conditions, providing inferential confirmation of
the asymmetry documented in the previous sec-
tion.

Conditions in which the pronoun precedes the
occupation noun (post) show higher accuracy
than the reverse order (ante) (OR=2.53, CI [1.87,
3.41]). And LLMs outperform NMT systems
(OR=2.17, CI [1.61, 2.92]).

Among stereotype categories, M-stereotyped
occupations show significantly lower accuracy
than neutral ones (OR=0.52, CI [0.35, 0.78]), indi-
cating that masculine occupational stereotypes in-
fluence gender assignment even when the source
contains a gendered pronoun; F-stereotyped oc-
cupations do not differ significantly from neutral
ones (p = .253). Finally, a supplementary test of
the gender x complexity interaction did not reach
significance (x?=1.508, p = .219), confirming that
the two factors contribute independently to transla-
tion difficulty without compounding each other.

6 Final Remarks

This study introduced a Chinese challenge set for
evaluating gender bias in Chinese—Portuguese au-
tomated translation, comprising 495 source sen-



tences generated from 45 occupation nouns across
11 sentence templates and evaluated across two
NMT systems and six LLMs. The results address
the three objectives guiding this work.

Regarding the second goal of this research, the
data reveal a hierarchy of gender cue effectiveness
in Chinese source sentences. Explicit prenominal
gender modifiers (}5/%Z, ‘male/female’) constitute
the most reliable cue type, achieving 100.0% accu-
racy across all systems. Simple coreferential pro-
nouns (fl/th, ‘he/she’) are generally sufficient for
most systems, though three systems showed local-
ized failures under anaphoric conditions. Complex
sentence conditions proved the most demanding,
with feminine cue accuracy falling as low as 24.4%
for DeepL (ante_cpx_f).

In this way, different linguistic conditions pro-
duce systematically different gender bias results
across systems, with target gender, syntactic com-
plexity, and pronoun position each emerging as
significant independent predictors of correct gen-
der accuracy in the mixed-effects model (p <
.001).

Regarding our third objective, the proposed
methodology produces a valid evaluation instru-
ment: it successfully differentiates both between
systems and between conditions, with masculine
default rates under gender-indeterminate condi-
tions (77.8-93.3%) consistent with prior literature
(Stanovsky et al., 2019; Prates et al., 2020), and
complex sentence conditions producing the maxi-
mal gap between systems observed in the study.

A notable finding concerns the divergence be-
tween NMT systems and LLMs. Google Trans-
late and DeepL exhibited pronounced masculine
bias under complex conditions, defaulting to mas-
culine output even when an explicit feminine pro-
noun was present in the source. By contrast, GPT,
Claude, and Qwen maintained near-symmetric ac-
curacy across all coreference conditions, suggest-
ing that these systems are better equipped to re-
solve long-distance coreference. Whether this ad-
vantage is attributable to model scale, instruction
tuning, or training data composition remains an
open question.

Limitations and Future Work. This study op-
erates within a binary gender framework reflect-
ing standard European Portuguese morphology;
gender-inclusive strategies fall outside the scope
of this paper. Despite the use of available data
for Portuguese, occupational stereotype classifica-
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tions derive from U.S. statistics, and may not re-
flect the gender—occupation associations in Chi-
nese and Portuguese-speaking contexts. Annota-
tion is restricted to the noun phrase in which the
target noun occurs and does not capture broader
agreement or overall translation quality, including
target-variety compliance.

Future work should extend gender annotation
to sentence-level agreement and evaluate overall
translation quality. We will also expand the occu-
pation list and sentence templates, incorporate nat-
urally occurring sentences to complement the con-
trolled template-based design, and develop finer-
grained measures of syntactic complexity.

Bias Statement. This paper addresses represen-
tational harm arising from gender stereotyping in
Chinese—Portuguese AT. When AT systems de-
fault to masculine forms for gender-indeterminate
occupation nouns or fail to transmit gender cues
in the source, they introduce gendered interpre-
tations that were absent from the source, poten-
tially reinforcing gender stereotypes and render-
ing women and non-binary individuals less visi-
ble in translated professional discourse. This harm
is compounded in the Chinese—Portuguese direc-
tion specifically, where masculine defaults intro-
duce bias that was absent from the gender-neutral
source. We acknowledge that operating within a
binary gender framework is itself a normative lim-
itation; extending gender bias evaluation beyond
the masculine/feminine binary remains an impor-
tant direction for future work.
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# Chinese English Total (thousands) Female% Label

1 RIE Carpenters 1,279 4.2 M

2 ML Machinists 281 4.8 M

3 JHBIA Firefighters 298 6.2 M

4 RITHR Aircraft pilots and flight engineers 213 9.6 M

5 HWHZEFML  Taxidrivers 514 12,6 M

6 gt Police officers 678 14.2 M

7 BFR Computer programmers 334 17.8 M

8 FE Chefs and head cooks 515 21.6 M

9 SRR Paramedics 95 253 M
10 ¥emiL Dishwashers 277 26.9 M
11 gEIHm Architects 209 27.4 M
12 B Chief executives 1,728 33.0 M
13 AREFL Bus drivers, transit and intercity 271 35.8 M
14 HEL Janitors and building cleaners 2,304 35.9 M
15 FEE Dentists 169 38.8 M
16 M Lawyers 1,146 42.0 N
17 JEHm Cooks 2,005 425 N
18 Photographers 210 43.5 N
19 HER Retail salespersons 2,734 47.5 N
20 #Lk Coaches and scouts 340 48.5 N
21 #HIF Postsecondary teachers 1,072 49.9 N
22 ZARK Artists 318 53.8 N
23 EXMRL Medical scientists 127 54.0 N
24 VHEIT Bartenders 450 54.3 N
25 HEMER Biological scientists 105 547 N
26 FLFERLT Electrical and electronics assemblers 115 54.9 N
27 FHPAELE N Real estate brokers and sales agents 1,016 56.7 N
28 &t Accountants 1,778 57.2 N
29 it Auditors 1,778 57.2 N
30 25Tl Pharmacists 326 59.7 N
31 1ExX Writers and authors 257 64.7 F
32 TEEE Bakers 243 67.1 F
33 ARES A Waiters and waitresses 1,786 67.8 F
34 HEExE Veterinarians 98 68.6 F
35 YRR Cashiers 2,569 68.9 F
36 YmiH Editors 132 72.6 F
37 DHEEA Psychologists 215 74.0 F
38 EE Interpreters and translators 92 74.8 F
39 =T Flight attendants 129 77.2 F
40 ZIm Teachers 3,632 77.7 F
41 Registered nurses 3,571 86.8 F
42 FH Maids and housekeeping cleaners 1,413 87.7 F
43 BhH Assistants 1,758 91.4 F
44 FP Secretaries and administrative assistants 1,758 914 F
45 BRI Dietitians and nutritionists 142 92.1 F

Table 5: Occupation nouns included in the Chinese Challenge Set, ordered by the percentage of female professionals (BLS
2024 Current Population Survey). Total employment figures are in thousands. M = female% < 40%; N = 40% < female% <
60%; F = female% > 60%. Each stereotype category contains exactly 15 occupation nouns.
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Abstract

We present WinoTR, a Turkish adapta-
tion of the WinoMT challenge dataset
(Stanovsky et al., 2019). While WinoMT
has been widely studied across multi-
ple languages, its adaptation to Turkish
— a morphologically rich language with
no grammatical gender — and its anal-
ysis through a causal lens remain unex-
plored. Using 4,752 sentences adapted
from the original dataset across pro-
stereotypical, anti stereotypical and neu-
tral conditions, we apply Double Ma-
chine Learning (DML) to estimate the
causal effect of gender cues on stereotype-
consistent translation output. Our results
reveal a striking asymmetry: cue direc-
tion has a large and statistically significant
effect on translation outcomes, while cue
presence alone produces virtually no ef-
fect. Even without any gender signal, MT
systems default to stereoype-consistent
translations in 62.9% of cases across three
systems (DeepL, Google Translate, Ope-
nAl). By leveraging this typological prop-
erty, our causal analysis reveals that gen-
der bias in contemporary MT and LLM-
based translation systems runs deeper than
surface-level cue processing, persisting as
an embedded prior independent of any ex-
plicit gender signal in the input.

1 Introduction
Gender bias in machine translation (MT) is a well-

documented yet poorly understood phenomenon.

© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

When translating from a gender-neutral source lan-
guage into a grammatically gendered target, MT
systems must resolve a binary gender assignment
that the source leaves unspecified — and prior
work has shown these decisions are systematically
skewed by occupational stereotypes (Stanovsky et
al., 2019; Bolukbasi et al., 2016; Prates et al.,
2020). However, most existing studies treat bias
as a correlational phenomenon, focusing on mea-
suring and documenting disparities rather than es-
timating the magnitude of causal effects (Blodgett
et al., 2020; Feder et al., 2022).

Turkish presents a uniquely informative testbed
for this question. As a morphologically rich, ag-
glutinative language with a gender-neutral third-
person pronoun (0), Turkish encodes no grammat-
ical gender in the source text. Any stereotype-
consistent output must therefore reflect the MT
system’s own internalized priors — not grammat-
ical inheritance from the source. Prior work con-
firms that bias in Turkish NLP stems from cultural
norms and data imbalances rather than grammat-
ical structure (Ciora et al., 2021; Altinok, 2024,
Koksal et al., 2023). Despite this typological ad-
vantage, no prior work has applied a causal frame-
work to MT bias evaluation from a gender-neutral
source language.

This paper addresses these gaps through three
research questions aligned with Pearl’s causal hi-
erarchy (Pearl and Mackenzie, 2018): (RQ1) do
MT systems default to stereotypical gender assign-
ments in the absence of explicit cues? (RQ2) does
cue direction (pro- vs. anti-stereotypical) causally
affect translation output? (RQ3) does cue pres-
ence versus absence produce a measurable causal
effect? To answer these questions, we apply Dou-
ble Machine Learning (Chernozhukov et al., 2018;
Imbens and Rubin, 2015), which isolates causal ef-
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fects of gender signals while controlling for high-
dimensional covariates. We introduce WinoTR,
a Turkish adaptation of the WinoMT benchmark
(Stanovsky et al., 2019), consisting of 4,752 sen-
tences across pro-stereotypical, anti-stereotypical,
and neutral conditions, translated into German and
Spanish using three MT systems: DeepL, Google
Translate, and OpenAl.

2 Related Work

Gender bias in machine translation has been
systematically documented since Stanovsky et
al. (2019) introduced WinoMT, a benchmark com-
bining WinoGender (Rudinger et al., 2018) and
WinoBias (Zhao et al., 2018) to evaluate gen-
der bias across eight target languages. Subse-
quent work extended this evaluation to additional
language pairs and morphologically rich target
languages (Kocmi et al., 2020; Vanmassenhove
and Monti, 2021; Ramesh et al., 2021), and to
instruction-tuned LLMs (Attanasio et al., 2023).
Mitigation efforts have focused on debiasing word
embeddings (Bolukbasi et al., 2016), data augmen-
tation (Sun et al., 2019), and constrained decoding.
However, these approaches remain largely correla-
tional — they document disparities without iden-
tifying the underlying mechanisms (Feder et al.,
2022; Blodgett et al., 2020).

Turkish has received growing attention as a
typologically distinctive case for bias research.
As a grammatically gender-neutral, morphologi-
cally agglutinative language, Turkish encodes no
gender in third-person pronouns, making it an
ideal testbed for isolating model-internal priors
from source-language cues. Ciora et al. (Ciora et
al., 2021) examined overt and covert gender bias
in Turkish—English MT, highlighting the impor-
tance of language-specific and culturally informed
methodology. Altinok (Altinok, 2024) demon-
strated that occupational titles in Turkish word em-
beddings are predominantly linked to masculine
forms, reflecting cultural norms rather than gram-
matical gender. Koksal et al. (Koksal et al., 2023)
applied a language-agnostic bias probing method
across six languages including Turkish, finding
that bias correlates with historical and cultural
contexts rather than grammatical structure alone.
These findings motivate a causal rather than corre-
lational analysis of MT gender bias from Turkish.

Causal inference has recently emerged as a prin-
cipled framework for NLP bias research. Pearl’s

causal hierarchy (Pearl and Mackenzie, 2018) dis-
tinguishes association, intervention, and counter-
factual reasoning, enabling researchers to ask not
only whether bias exists but why it arises. The po-
tential outcomes framework (Imbens and Rubin,
2015) provides the statistical foundation for treat-
ment effect estimation. Double Machine Learning
(Chernozhukov et al., 2018) extends this frame-
work to high-dimensional settings by combin-
ing flexible ML nuisance estimation with econo-
metric orthogonalization and cross-fitting, produc-
ing asymptotically unbiased treatment effect esti-
mates. Recent work has applied DML and related
causal estimators to NLP tasks (Feder et al., 2022;
Veljanovski and Wood-Doughty, 2024), but causal
estimation of gender bias in MT — particularly
from a gender-neutral source language — remains
unexplored.

Both Saunders and Olsen (2023) and Manna et
al. (2026) adopt an approach that leverages gender-
neutral source languages to better expose transla-
tion bias toward gendered target languages. Saun-
ders and Olsen demonstrate that cases where the
source provides no gender marker yet the target re-
quires a gender choice are far more prevalent than
typically assumed — a scenario that mirrors the
structural properties of Turkish. Manna et al. in-
troduce Minimal Pair Accuracy (MPA) to measure
whether NMT models systematically draw on con-
textual gender cues in English-Italian translation,
finding that models largely revert to stereotypical
defaults and integrate male cues more consistently
than female ones. Both findings converge with
our results: the near-zero ATE in RQ3 supports
the view that Turkish source sentences constitute
a natural testbed for ambiguous gender resolution,
while the asymmetry between pro and anti cue ef-
fects in RQ2 echoes the male-female cue asymme-
try reported by Manna et al.

3 Dataset: WinoTR

WinoTR is a Turkish adaptation of the WinoMT
benchmark (Stanovsky et al., 2019), manually
constructed by a native Turkish speaker. The
dataset consists of 4,752 sentences across three
conditions: trpro (pro-stereotypical), tranti (anti-
stereotypical), and trneutral (no gender cue), cov-
ering 40 occupations drawn from the original
WinoMT profession list (see Table 1).

Each sentence involves two occupations with an
implicit coreference structure. The sentences were
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manually translated and adapted from the origi-
nal English WinoMT sentences by a native Turk-
ish speaker, preserving the syntactic profession—
pronoun relationship while ensuring Turkish se-
mantic integrity. Since Turkish uses the gender-
neutral third-person pronoun o for all references,
no grammatical gender is encoded in the source
text. To create the pro and anti conditions, ex-
plicit lexical gender markers — kadin (woman)
and adam (man) — were introduced in the subject
position of subordinate clauses. In the pro con-
dition, the marker reinforces the societal stereo-
type (e.g., adam doktor / male doctor); in the anti
condition, it contradicts it (e.g., kadin doktor /
female doctor). The neutral condition contains
no marker, relying entirely on the gender-neutral
Turkish pronoun. Representative examples from
each condition are shown in Table 2.

Subset Male Female Neutral Total
trpro 792 792 — 1,584
tranti 792 792 — 1,584
trneutral — — 1,584 1,584
Total 1,584 1,584 1,584 4,752

Table 1: WinoTR corpus structure.

Each source sentence was translated once using
three MT systems: Google Cloud Translation API
(May 2025), DeepL. API (June 2025), and OpenAl
GPT-40 (July 2025), into two target languages:
German and Spanish. No post-editing was ap-
plied to any translation output. Profession tokens
were identified using a bilingual Turkish—-German—
Spanish lexicon. Word alignment was performed
using SimAlign (Sabet et al., 2020) and Awesome-
Align (Dou and Neubig, 2021). Gender labels
were extracted via morphological analysis using
spaCy and deterministic lexicon lookup. After fil-
tering for successfully aligned and gender-labeled
instances, the final dataset contains 16,331 rows
(alignment coverage: ~=57%). This coverage gap
reflects the structural challenges of Turkish mor-
phology: agglutinative suffixation produces sur-
face forms that diverge substantially from canon-
ical lemmas, complicating token-level alignment
with German and Spanish (Bisazza and Federico,
2009). Additionally, Turkish flexible word order
differs fundamentally from the more rigid struc-
tures of German and Spanish, further compound-
ing alignment ambiguity.

4 Methodology

4.1 Causal Framework

We structure our analysis using Pearl’s causal hier-
archy (Pearl and Mackenzie, 2018), mapping each
research question to a distinct level of causal rea-
soning, as summarized in Table 3.

The outcome variable Y is defined consistently
across all three RQs as stereotype-consistency:
Y = 1 if the translated profession gender matches
the predefined stereotype map; ¥ = 0 otherwise.
In RQ2, the treatment D € {0= anti, 1= pro}.
In RQ3, D € {0= neutral,1= signal}. Pre-
treatment covariates X include target profession,
target language, MT tool, syntactic position (sub-
ject/object), and source sentence length. Features
directly affected by cue insertion were excluded
to avoid post-treatment bias (Chernozhukov et al.,
2018).

While WinoTR’s matched-pair design approxi-
mates counterfactual reasoning — each profession
pair appears under both cued and uncued condi-
tions within the same MT system — RQ3 does not
achieve individual-level counterfactual identifica-
tion, as neutral sentences differ syntactically from
their cued counterparts. RQ3 is therefore inter-
preted as a population-level Average Treatment Ef-
fect (ATE) of cue presence, consistent with Pearl’s
intervention level.

4.2 Double Machine Learning

We apply the Interactive Regression Model (IRM)
variant of Double Machine Learning (Cher-
nozhukov et al., 2018), implemented via the Dou-
bleML Python package (Bach et al., 2022). IRM is
appropriate here because both the outcome Y and
treatment D are binary.

Nuisance models. We use
RandomForestClassifier (500 trees,
min_samples_leaf=10) for  the out-

come model ¢(D,X) = FE[Y|D,X], and
LogisticRegression for the propensity
model m(X) = E[D|X]. This combination
balances flexibility in outcome estimation with
stability in propensity estimation.

Cross-fitting. We apply 5-fold cross-fitting
throughout, following chernozhukov2018double.
This mitigates overfitting in nuisance estimation
given N > 10,000.
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Subset Gender Source Sentence (Turkish) Profession
trpro male Geligtirici, tasarimciyla tartigti c¢linkii adam tasarimi  gelistirici
begenmedi.
female Geligtirici, tasarimci ile tartigtt ¢linkii kadimin fikri  tasarimci
uygulanamazdi.
tranti female Geligtirici, tasarimciyla tartisti ¢iinkii kadin tasarimi  gelistirici
begenmedi.
male Geligtirici, tasarimci ile tartistt ¢iinkii adamin fikri  tasarimci
uygulanamazdi.
trneutral — Gelistirici, tasarim1 begenmedi icin tasarimciyla tartisti.  gelistirici
— Gelistirici, tasarimct ile tartigti ¢linkii tasarimeinin fikri  tasarimei

uygulanamazdi.

Table 2: Representative examples from WinoTR. Gender markers (adam/kadin) are underlined in the pro and anti conditions.

The neutral condition contains no explicit gender marker.

Level
Association (RQ1)

Research Question

Do MT systems default to stereo-
types without cues?

Does cue direction (pro vs. anti) af-
fect stereotype-consistent output?
Does cue presence vs. absence af-
fect output?

Intervention (RQ?2)

Intervention (RQ3)

Table 3: Research questions mapped to Pearl’s causal hierar-
chy.

Overlap. To verify the overlap assumption, we
estimated propensity scores on observed pre-
treatment covariates. Scores ranged from 0.483
to 0.504 (mean = 0.497), confirming near-perfect
balance between conditions — consistent with
WinoTR’s balanced-by-design structure.

ATE estimation. The Average Treatment Effect
is recovered via the Neyman-orthogonal score:

ATE = E[Y (1) = Y(0)] (1)

Profession-, language-, and tool-level hetero-
geneity is reported descriptively via accuracy dif-
ferences across subgroups. Formal Conditional
Average Treatment Effect (CATE) estimation is
left for future work.

5 Results

5.1 RQ1: Neutral Baseline (Association
Level)

Stereotype-consistency is defined as a binary out-
come: a translation is stereotype-consistent (Y =
1) if the gender of the translated profession
matches the predefined stereotype map (e.g., male
for engineer, female for nurse), and stereotype-
inconsistent (Y = 0) otherwise. Without any ex-
plicit gender cue, MT systems produce stereotype-
consistent translations in 62.9% of cases overall.
Without any explicit gender cue, MT sys-
tems produce stereotype-consistent translations in

62.9% of cases overall. Female-stereotyped pro-
fessions receive a feminine translation in only
17.3% of neutral sentences, far below the 50% ex-
pected under a gender-neutral system.

Tool N Female share Stereotype support
DeepL. 1,838 0.180 0.644
Google 1,828 0.173 0.635
OpenAl 1,754 0.165 0.608
Overall 5,420 0.173 0.629

Table 4: RQ1: Stereotype support in neutral condition by MT
tool.

Male-stereotyped professions show near-perfect
stereotype support (avukat 1.00, tamirci 0.995,
doktor 0.995), while several female-stereotyped
professions receive no feminine translation in the
neutral condition (editor, terzi, yazar: 0.00), sug-
gesting a mismatch between the inherited stereo-
type map and MT system priors for these occupa-
tions.

5.2 RQ2: Cue Direction (Intervention Level)

Tool Proacc. Antiacc. Difference
DeepL 0.790 0.550 0.240
Google 0.770 0.497 0.273
OpenAl 0.697 0.472 0.225
Overall 0.754 0.507 0.247

Table 5: RQ2: Stereotype-consistency by cue direction and
MT tool.

DML estimation yields ATE = 0.245 (SE =
0.009, t = 27.67, p < 0.001, N = 10,911).
The pro condition produces stereotype-consistent
translations in 75.4% of cases, compared to 50.7%
in the anti condition. The effect is consistent across
all three MT systems and both target languages
(German: A = 0.254; Spanish: A = 0.240), sug-
gesting this reflects a general property of current
MT architectures rather than a system-specific ar-
tifact.
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5.3 RQ3: Cue Presence (Second Intervention

Level)
Tool Neutral acc.  Signal acc.  Difference
DeepL 0.644 0.671 +0.027
Google 0.635 0.634 —0.001
OpenAl 0.608 0.582 —0.026
Overall 0.629 0.630 +0.001

Table 6: RQ3: Stereotype-consistency by cue presence and
MT tool.

DML estimation yields ATE = 4-0.005 (SE
= 0.007, t = 0.639, p = 0.523, N = 16,331),
statistically indistinguishable from zero. The near-
zero overall effect masks divergent tool-level be-
haviour: DeepL shows a positive signal-neutral
difference (4-0.027) while OpenAl shows a neg-
ative one (—0.026), suggesting that different MT
architectures respond differently to cue presence
independent of cue direction.

6 Discussion

Our results reveal a striking asymmetry between
the two causal questions examined. Cue direc-
tion has a large and statistically significant effect
on stereotype-consistent output (ATE = 0.245,
p < 0.001), while cue presence alone produces
virtually no effect (ATE = +0.005, p = 0.523).
Together with the high stereotype-consistency rate
in the neutral condition (62.9%), these findings
yield a coherent three-level narrative aligned with
Pearl’s causal hierarchy (Pearl and Mackenzie,
2018):

At the association level (RQ1), MT systems are
not gender-neutral by default: male forms domi-
nate as the unmarked baseline, while female forms
remain exceptions. This reflects a learned mapping
from Turkish professions — which lack grammat-
ical gender — to gendered equivalents in German
and Spanish, consistent with prior evidence from
WinoMT and related corpora (Stanovsky et al.,
2019; Kocmi et al., 2020).

At the intervention level (RQ2), cue direc-
tion strongly determines whether translations align
with stereotypes. Pro cues amplify stereotype-
consistency (75.4%), while anti cues suppress it
(50.7%). Systems are more accurate when gender
cues reinforce expectations than when they chal-
lenge them, suggesting that lexical interventions
alone are insufficient to counteract entrenched pri-
ors (Bolukbasi et al., 2016). The effect is consis-
tent across all three MT systems and both target

languages, suggesting it reflects a general property
of current MT architectures rather than a system-
specific artifact.

At the second intervention level (RQ3), the
presence of a signal alone is insufficient: neutral
and signalled cases perform nearly identically. The
negligible overall ATE masks divergent tool-level
behaviour: DeepL shows a positive signal-neutral
difference (4-0.027) while OpenAl shows a neg-
ative one (—0.026), suggesting different MT ar-
chitectures encode occupational gender priors dif-
ferently. This aligns with previous work showing
that debiasing attempts at the embedding level of-
ten fail to eliminate systematic bias (Zhao et al.,
2018; Attanasio et al., 2023).

Representation-level persistence. The near-
zero ATE in RQ3 suggests that the learned
representations in MT systems exert a strong
inductive bias toward stereotype-consistent trans-
lations. Explicit lexical cues do not re-anchor
the model sufficiently: profession tokens remain
strongly associated with culturally dominant
gender patterns regardless of the input signal. The
application of DML strengthens this interpretation
by showing that even after controlling for high-
dimensional covariates, the effect of cue presence
remains statistically indistinguishable from zero
(Chernozhukov et al., 2018; Bach et al., 2022).

Crucially, Turkish provides a unique test case:
its lack of grammatical gender means that gen-
dered translations must be inferred entirely from
learned social regularities rather than grammati-
cal constraints (Ciora et al., 2021; Altinok, 2024).
By leveraging this typological property, our causal
analysis reveals that gender bias in contemporary
MT and LLM-based translation systems persists
as an embedded prior, independent of any explicit
gender signal in the input. This suggests that
meaningful bias reduction may require addressing
model-internal priors at the level of training data or
model architecture, rather than surface-level input
signals.

7 Conclusion

This paper introduced WinoTR, a Turkish adapta-
tion of the WinoMT benchmark, and applied Dou-
ble Machine Learning to estimate the causal ef-
fect of gender cues on stereotype-consistent MT
output. Our findings reveal a clear asymmetry:
cue direction produces a large causal effect (ATE
= 0.245, p < 0.001), while cue presence alone
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produces none (ATE = +0.005, p = 0.523). Even
without any gender signal, MT systems default
to stereotype-consistent translations in 62.9% of
cases. By leveraging Turkish as a gender-neutral
source language, our causal analysis provides ev-
idence that gender bias in contemporary MT and
LLM-based translation systems reflects occupa-
tional gender priors embedded in the models them-
selves, persisting independently of explicit input
signals. We compare three M T systems across two
target languages, finding consistent patterns for
cue direction but divergent tool-level responses to
cue presence. These results suggest that meaning-
ful bias reduction may require addressing model-
internal priors rather than surface-level input sig-
nals.

WinoTR and all analysis code will be made pub-
licly available upon acceptance.

8 Limitations

Deterministic treatment assignment.
WinoTR’s pro/anti conditions are constructed
by design, not randomized. Causal identification
relies on conditional independence given observed
covariates. Propensity score analysis confirms
near-perfect overlap (0.483-0.504), providing
empirical support for this assumption.

Alignment coverage. Approximately 43% of
translation instances could not be reliably gender-
labeled, introducing potential selection bias. This
gap reflects structural challenges inherent to Turk-
ish morphology and syntax: agglutinative suffix-
ation produces surface forms that diverge sub-
stantially from canonical lemmas, while Turk-
ish flexible word order — which differs funda-
mentally from the more rigid Subject-Verb-Object
structure of German and Spanish — further com-
pounds alignment ambiguity (Bisazza and Fed-
erico, 2009). Standard alignment models implic-
itly assume more fixed syntactic structures, mak-
ing Turkish a particularly challenging source lan-
guage for token-level alignment. Six professions
showed particularly high alignment failure rates in
the neutral condition, resulting in approximately
28% data loss for RQ1.

Alignment fallback. In cases where all align-
ment methods failed, a masculine default was as-
signed as a tie-breaker. This conservative choice
may slightly inflate male-default rates in the neu-
tral condition.

Stereotype map validity. The profession stereo-
type map is inherited from WinoMT and re-
flects English-language occupational associations,
which may not fully correspond to Turkish cultural
norms. Several professions mapped as female-
stereotyped received 0% feminine translations in
the neutral condition, suggesting a mismatch be-
tween the inherited map and MT system priors.

RQ3 causal level. While WinoTR’s matched-
pair design approximates counterfactual reason-
ing, RQ3 does not achieve individual-level coun-
terfactual identification, as neutral sentences differ
syntactically from their cued counterparts. RQ3 is
therefore interpreted as a second population-level
intervention estimate.

Future work. Several directions remain for fu-
ture research. First, formal Conditional Average
Treatment Effect (CATE) estimation using Causal-
Forest or the R-learner would allow profession-
level heterogeneity to be quantified with statistical
guarantees. Second, the stereotype map could be
validated against Turkish cultural norms through
native speaker annotation, replacing the inherited
English-language associations. Third, following
Troles and Schmid (Troles and Schmid, 2021),
WinoTR could be extended to include stereotypi-
cal adjectives and verbs in addition to occupational
nouns, providing a richer probe of gender bias
in Turkish MT. Fourth, Turkish-specific gender-
marked adjectives and morphological agreement
patterns could be incorporated into the dataset
to capture more subtle bias signals. Finally,
alignment quality could be improved through
Turkish-specific tokenization and morphological
pre-processing pipelines, potentially recovering a
substantial portion of the currently excluded in-
stances.

Ethical Considerations

This work represents an adaptation and extension
of WinoMT, a foundational benchmark in gen-
der bias research, to Turkish, deepening the scope
of existing work. Gender bias in MT systems
becomes particularly pronounced when translat-
ing from grammatically gender-neutral source lan-
guages such as Turkish into grammatically gen-
dered target languages such as German and Span-
ish. For this reason, evaluating such bias not only
through algorithmic correlations but also through
causal methods represents an important step to-
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ward both its accurate detection and reduction.
We believe that continuing this line of research
will make meaningful contributions to addressing
structural gender inequalities in MT systems. The
WinoTR dataset is released publicly to support fu-
ture work in this direction.

WinoTR and all analysis code are pub-
licly available at https://github.com/
denizalbyrk/winotr.
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