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Abstract

As low-resourced languages are increasingly
incorporated into NLP research, there is an em-
phasis on collecting large-scale datasets. But
in prioritizing quantity over quality, we risk 1)
building language technologies that perform
poorly for these languages and 2) producing
harmful content that perpetuates societal bi-
ases. In this paper, we investigate the qual-
ity of Machine Translation (MT) datasets for
three low-resourced languages–Afan Oromo,
Amharic, and Tigrinya, with a focus on the
gender representation in the datasets. Our find-
ings demonstrate that while training data has a
large representation of political and religious
domain text, benchmark datasets are focused
on news, health, and sports. We also found a
large skew towards the male gender–in names
of persons, the grammatical gender of verbs,
and in stereotypical depictions in the datasets.
Further, we found harmful and toxic depictions
against women, which were more prominent
for the language with the largest amount of data,
underscoring that quantity does not guarantee
quality. We hope that our work inspires fur-
ther inquiry into the datasets collected for low-
resourced languages and prompts early miti-
gation of harmful content1. WARNING: This
paper contains discussion of NSFW content
that some may find disturbing.

1 Introduction

NLP research has repeatedly been criticized for its
Anglo-centrism (Bender, 2019; Joshi et al., 2020;
Held et al., 2023). Efforts to counter the hege-
monic state of the field have largely focused on
data collection and augmentation (e.g Team et al.;
Bartelds et al., 2023), as well as cross-lingual and
active learning approaches to extend large mod-
els to low-resourced contexts (e.g Ogunremi et al.,

*Authors’ contribution listed in Appendix A.
1Data, models, and code can be found at

https://github.com/hhnigatu/EvaluatingMTDatasets

2023; Dossou et al., 2022; Ogueji et al., 2021a).
However, little attention is given to the quality of
large-scale datasets collected for low-resourced lan-
guages (Kreutzer et al., 2022). Further, as NLP
systems are integrated into diverse social contexts,
they exhibit and perpetuate harmful societal biases
and may have disparate performance for different
social groups (Hada et al., 2024; Savoldi et al.,
2021, 2024).

However, studying societal biases is a difficult
undertaking. Social structures and hierarchies are
complicated dynamic systems that pull from eco-
nomic, political, and cultural aspects, making it
difficult to distill them down to phenomena we can
measure with just a few metrics. Within NLP lit-
erature, 1) several papers that study “bias” do not
define it clearly or agree on the definition (Blod-
gett et al., 2020), 2) benchmarks for measuring
bias fall short of articulating what exactly they are
measuring (Blodgett et al., 2021), and 3) most au-
tomated metrics lack actionability (Delobelle et al.,
2024). All of these challenges are further compli-
cated when we try to study bias in multilingual and
multicultural settings (Talat et al., 2022).

Bias and harm due to Machine Learning (ML)
systems can occur in two broad stages of an ML
pipeline: data generation and model building and
implementation (Suresh and Guttag, 2021). Prior
work in evaluating Machine Translation models for
bias has largely focused on gender bias and eval-
uated MT models using benchmark datasets(e.g
Sewunetie et al., 2024; Wairagala et al., 2022).
However, these evaluations are confined to the sec-
ond stage, model building and implementation; i.e,
once the model is trained, how does it perform
across various social groups?

In this paper, we focus on the first stage in
the ML pipeline–the data. Prior work has ex-
plored the quality of large, web-crawled multilin-
gual datasets and found that the majority of the
large-scale datasets labeled for low-resourced lan-
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guages may not even be in the language (Kreutzer
et al., 2022). In high-resourced contexts, several
works have revealed the social biases embedded
in large-scale datasets (e.g Birhane et al., 2023b).
We extend this literature further through a series of
automated and human evaluations of MT datasets
for three low-web data languages–Afan Oromo,
Amharic, and Tigrinya.

Our analysis revealed that while training data is
heavily dominated by religious and political top-
ics, benchmark datasets focus on sports, health,
and news domains (Sec. 5.1). In terms of gen-
der representation, we found that both training and
benchmark datasets are heavily skewed towards the
male gender with over 80% of person names being
stereotypically male (Sec. 5.2), up to 72 percentage
point differences between the number of male gen-
der verbs and female gender verbs (Sec. 5.2), and
stereotypical associations of occupations like en-
gineer being consistently associated with the male
gender (Sec. 5.3). Based on our results, we provide
a set of recommendations for data collection and
offer directions for future work evaluating datasets
for low-resourced languages (Sec. 6).

2 Background

Here, we give background information on how the
languages of study represent gender and highlight
linguistic and cultural gender bias in the languages.

2.1 Languages of Study

Afan Oromo: Afan Oromo is a Cushitic lan-
guage. Afan Oromo uses the Qubee alphabet,
which is written with the Latin script. It has no-
tional gender representation, where both gendered
and gender-neutral expressions exist. Where gen-
der is marked, it is indicated by the use of mor-
phological inflections: Feminine markers include
suffixes such as “-tti,” “-tu,” “-e,” and “-itti” while
masculine markers include “-ssa,” “-sa,” and “-a”.
These markers are used in nouns, adjectives, and
personal names. For example, the masculine form
“sooressa” refers to “rich man” while the feminine
form “sooretti” refers to “rich woman.”

Amharic: Amharic is an Afro-Semitic language.
It uses the Ge’ez script for writing. Amharic is
a grammatically gendered language where every
noun is gendered. In addition to the female and
male genders, Amharic has a gender neutral pro-
noun that is used as a respectful pronoun. Gen-
der is indicated via morphological inflections: for

instance, “ተማረ”(he learned) is masculine while
“ተማረች”(she learned) is feminine and “ተማሩ”(they
learned) can be gender neutral (respectful) or plu-
ral.

Tigrinya: Tigrinya is an Afro-Semitic language.
Tigrinya also uses the Ge’ez script and is a gram-
matically gendered language. In Tigrinya, the
respectful pronouns are also gendered: for in-
stance, “መፂኡ”(he came) is masculine, “መፂኣ”(she
came) is feminine. For plural and respectful terms,
“መፂኦም”(they came) is used for respectful male
gender, group of two or more male gender persons
or a mixed group of male and female gender per-
sons, while “መፂአን”(they came) is used for two
or more female gender persons or as a respectful
female gender indicator.

2.2 Linguistic and Cultural Gender Bias

The linguistic representation of gender may inter-
twine with stereotypes and biased notions. For
instance, in the three languages, gender markers
may be determined by the size of an object–where
smaller objects are referred to with feminine gender
and larger objects are referred to with masculine
gender2. Gender bias could also be observed in
the formation of proper names: proper male names
may exude power and dominance while female
names depict beauty, softness, and delicacy (Leyew,
2003). Additionally, gender bias in the linguistic
structure of the languages may also be observed
in proverbs, figurative speech, and administrative
titles that perpetuate gendered stereotypes (Yadate,
2015).

Gendered stereotypes in the three languages may
be observed in various online and offline texts:
prior works in linguistics have demonstrated the
stereotypical, more negative depictions of women
in high-school textbooks of the three languages.
Barkessa (2020) found that over 63% of nouns,
pronouns and verbs in Afan Oromo textbook re-
ferred to the male gender and that adjectives related
to the female gender included “poor”, “shameful”
while those related to the male gender included
“resistant” and “knowledgeable.” Murra (2023)
found that occupational roles given to women in
Amharic textbooks were “minimum and less re-
spected.” Similarly, Mesele and Asfaw (2019) ana-
lyzed Tigrinya textbooks and found “femininity is
rendered invisible” in the textbooks.

2Refer to Appendix B for examples.
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Despite the negative gendered stereotypes to-
wards women reflected in the gendered represen-
tation of the languages, the languages are spoken
in cultures that have some traditions to promote
women. There are traditional women’s institutions
set in place to protect women’s rights (Duressa,
2018), parts of the community that exclusively
live without gender roles (Ayanaw and Alewond,
2024), festivals and holidays that exclusively cele-
brate women (Balehey and Balehegn, 2019), and
several female historical figures that held political
and leadership roles (Mamo, 2016; Bizuneh, 2001;
Abebaw Ejigu, 2024). However, there is limited
representation of these traditions and historical fig-
ures within written records (Abebaw Ejigu, 2024).

3 Related Work

Multilingual NLP research has focused on adopting
language technologies to understudied and low-
resourced language contexts. Particularly, MT
systems are increasingly used as data augmenta-
tion and synthetic data creation methods for low-
resourced languages (e.g. Singh et al., 2025; Joshi
et al., 2025). However, without careful consid-
eration of societal factors, such adoption of tech-
nology risks (1) furthering power imbalances and
biases that exist in the communities and (2) im-
porting new biases from high-resourced language
contexts (Mitchell et al., 2025).

Studying bias in NLP systems requires the
interrogation of language technologies as socio-
technical systems (Blodgett et al., 2020). Lan-
guage technologies are increasingly integrated into
diverse social contexts (e.g. Vieira et al., 2021;
Mehandru et al., 2022; Weissburg et al., 2025). As
a result, the biases embedded in the language tech-
nologies we build can trickle down to everyday
life. As Savoldi et al. (2024) demonstrated, there
is a substantial difference in resources required to
correct errors of MT outputs for the feminine gen-
der as compared to the masculine gender. Further,
language technologies are mostly developed under
Western cultural and social contexts (Bender, 2019;
Joshi et al., 2020). Hence, they may not account
for the diverse social contexts of non-Western com-
munities (Talat et al., 2022).

Sewunetie et al. (2024) evaluated gender bias
in machine translation outputs between English
and our three languages of focus by translating an
English-centric benchmark that focused on occu-
pational stereotypes. In this paper, we focus our

evaluation on the first stage of the machine learning
pipeline–data (Suresh and Guttag, 2021). Our eval-
uation also moves beyond occupational stereotypes
and looks into person names, grammatical gender,
and topics covered by the datasets.

4 Methods

4.1 Datasets
To select datasets for evaluation, we first searched
for machine translation papers where the target lan-
guages are any of our three languages of focus.
We collected papers from the ACL Anthology and
through a general Google search. We also searched
for datasets on HuggingFace (Wolf et al., 2020)
using the languages and the machine translation
task as filters. We found a total of 17 papers that
exclusively contribute datasets in at least one of the
three languages of study. In Appendix C, we pro-
vide full descriptions of all the datasets we found.
Examining the domain distribution of the datasets
in Fig. 4, we observe that the religious domain
dataset is the most frequently used, with over 93%
of the datasets containing religious text.

From the papers we found, we selected
NLLB (NLLB et al., 2022), which has the largest
training dataset for each language, and FLO-
RES (Goyal et al., 2021), HornMT (Hadgu et al.,
2022), and MAFAND (Adelani et al., 2022), which
are evaluation benchmarks for Machine Transla-
tion. Below, we give details of the datasets we
evaluated, and in Table 1, we summarize the lan-
guage coverage and statistics.

NLLB (NLLB et al., 2022) includes parallel
datasets for 200 languages, where the data is ob-
tained from online sources through automatic data
mining techniques. The data is openly available
and has been used as training data by several
works (e.g. Tan and Zhu, 2024; Chang et al., 2024;
Xu et al., 2025).

FLORES (Goyal et al., 2021) is an evaluation
benchmark for MT curated by collecting 3000 sen-
tences from English Wikipedia and having the sen-
tences human translated into 100 languages. The
dataset was later extended to 200 languages, includ-
ing our three languages of focus3.

HornMT (Hadgu et al., 2022) is an evaluation
benchmark dataset that has 2k parallel sentences

3We accessed the dataset through HuggingFace at https:
//huggingface.co/datasets/facebook/flores and used
the dev(n=997) and devtest(n=1012) splits combined.
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Dataset Amharic Tigrinya Afan Oromo

NLLB 16.14M 1.39M 3.23M
FLORES 2K 2K 2K
HornMT 2K 2K 2K

MAFAND 1.94K - -

Table 1: Datasets evaluated along with the number of
parallel sentences and language coverage.

for 5 languages spoken in the Horn of Africa. All
three of our focus languages are included in the
HornMT dataset4.

MAFAND (Adelani et al., 2022) is an evaluation
benchmark dataset for 21 African languages. The
dataset is curated from the news domain. Of our
three target languages, only Amharic is included
in MAFAND, with 1.94k parallel sentences with
English.

4.2 Evaluation Methods

Below, we detail our supervised and unsupervised
methods, as well as human evaluation schemes5.

4.2.1 Topic Modeling
Topic modeling refers to the task of identifying
themes across documents. For our purposes, we
used topic modeling to uncover the themes in each
of the datasets and to understand if there are any
correlations between the topics and the gender rep-
resentation in the data. We used Latent Dirichlet
Allocation (LDA) (Blei et al., 2003), which is a
popular method to date (Sobchuk and Šel,a, 2024;
Lucy et al., 2025).

Model Training We trained LDA models on un-
igrams for each language and each dataset using
MALLET (McCallum, 2002) via the Little Mal-
let Wrapper API6. For the benchmark datasets, we
used 5 topics and for the NLLB dataset, we trained
with 50 topics for each language. Furthermore, for
the NLLB dataset, we trained a total of three topic
models per language:

• General topic model: We trained an LDA
model on the full dataset preprocessed as de-
scribed above.

• Gender-Specific topic model: We prepared a
set of gender-specific keywords and filtered

4https://github.com/asmelashteka/HornMT
5For further details on methods (e.g, pre-processing strate-

gies), please refer to the Appendix D- G.
6https://github.com/maria-antoniak/little-mallet-wrapper

sentences from the full dataset into feminine
and masculine sentences. We then trained
LDA models for each group of sentences. Fur-
ther details are in Appendix D

Evaluation Once we had the topics, native speak-
ers of each language manually inspected the salient
terms in each topic and provided a summary of
each topic.

4.2.2 Morphological Analysis
As described in Sec. 2.1, gender in verbs for the
three languages is indicated through the addition
of suffixes and prefixes. Hence, we used morpho-
logical analysis to understand the gendered repre-
sentation of verbs in the MT datasets.

Morphological Analyzer We used HornMor-
pho (Gasser, 2011), which is a rule-based morpho-
logical analyzer built using a finite-state transducer
(FTS). HornMorpho relies on explicit rules and a
finite lexicon, which is compiled from online dic-
tionaries for each language. HornMorpho includes
all three of our languages of focus. When analyz-
ing a verb, HornMorpho outputs subject agreement,
including the gender of the subject of the verb. Fur-
ther details can be found in Appendix F.

Evaluation We automatically counted the gender
identified by HornMorpho for each of the verbs
identified. We also manually verified and analyzed
the top 20 most frequent verbs for each dataset for
each language.

4.2.3 Named Entity Recognition
Named Entity Recognition (NER) is a supervised
NLP task where models are trained to extract
named entities–such as person names, dates, and
locations–from a given text. For our study, we
used NER models to extract person names from
the datasets we are evaluating. We then performed
an analysis to understand the gender distribution of
people included in the datasets.

Model Training For Tigrinya and Afan Oromo,
we finetuned AfriBERTa-base and AfriBERTa-
large, respectively, as both languages are included
in the pre-training of the AfriBERTa model. For
Amharic, we chose the AfroXLMR-large (Alabi
et al., 2022a) model, which has a better reported
performance for NER compared to the AfriBERTa
model for Amharic (Alabi et al., 2022a). Since
AfroXLMR does not include Tigrinya and Afan
Oromo in pre-training, we refrained from using it
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for the two languages. Further finetuning details
and datasets used to finetune the models are avail-
able in Appendix E.

Evaluation Since the number of names identified
from each dataset was large, we used a stratified
sampling approach to select a representative set
for analysis. We split the list of names into three
strata, in the first one, we included all names that
appeared in the dataset at least 100 times. Then,
from the remaining list of names, we randomly
selected 100 names that had a frequency range
[101,20], and finally randomly sampled 100 names
that had a frequency range [19, 1]. Native speakers
of each language then looked through the samples
and labeled the names as stereotypically feminine,
masculine, or gender neutral. We also labeled for
the category of the names as religious, political
figure, and regular name.

4.2.4 Masked Language Modeling
We used Masked Language Models (MLMs) to
understand the contextual representation of biases
encoded in the datasets.

Model Training We used AfriBERTa-small
model (Ogueji et al., 2021b) and mBERT (Devlin
et al., 2018) in our experiments. AfriBERTa con-
tains all three languages, while mBERT does not
include any of the three languages in pretraining.
We used the NLLB dataset to fine-tune AfriBERTa
and mBERT models for each of the three languages,
resulting in a total of 6 fine-tuned MLM models7.

Evaluation We prepared an evaluation dataset
with 22 seed sentences using stereotypical occupa-
tions and adjectives. We then prepared clozes by
masking the nouns, adjectives, and verbs in each
sentence, which resulted in 376 masked sentences.
We marked the expected gender of the masked to-
ken and used the MLMs to predict the masked
token. We then compared the gender of the pre-
dicted masked token to the expected gender of the
masked token. We also got the top 5 predictions
from the MLMs and counted the gender in the pre-
dicted tokens. We prepared this evaluation dataset
for each of the three target languages. We provide
more details and examples in Appendix G. Since
AfriBERTa already includes the three languages in
pre-training, we performed our evaluation before

7While we tried finetuning MLMs for the benchmark
datasets, the size of the datasets was too small to effectively
train the model. Hence, we only performed full evaluation and
training on the MLMs finetuned using the NLLB dataset.

and after finetuning for AfriBERTa and report on
the changes we observed.

5 Results

In this section, we present our findings from the
evaluations we described in the previous sections.

5.1 Identified Topics
As described in Sec. 4.2.1, we trained topic models
for each dataset in each language. We then looked
at the salient terms for each topic and assigned a
label for what the overall category represents.

Political and religious topics dominate the
NLLB dataset for all three languages. We ob-
serve that for all three languages, of the 50 topics
identified for the NLLB dataset, religious topics ac-
counted for the majority (8%, 12%, 20% for Afan
Oromo, Amharic, and Tigrinya, respectively) while
political topics accounted for 22%, 8%, 14% of
the topics for Afan Oromo, Amharic, and Tigrinya,
respectively. Other topics accounted for less than
6% each, with some having only a single occur-
rence per language. Specific to each language, we
observed that the Afan Oromo NLLB dataset had
a few topics on language and cultural representa-
tion. We also observed that the datasets for one of
the languages had heavy representation of topics
related to refugees and immigration8.

Gendered terms appear in family roles, legal
matters, and healthcare topics for the NLLB
dataset. We observed male and female gendered
terms in the topic for family role, including terms
like “mother,” “wife,” “father,” and “man.” For
healthcare topic in Amharic, we observe that
“women” is among the salient terms, along with
terms like “vaccine.” Topics on finance and poli-
tics are mostly gender neutral, and focus more on
domain specific terms like “vote,” and “exchange
rate.” For Afan Oromo, we observed that the term
“abbaa”(father) appears along with other salient
terms for a topic on legal matters. For Tigrinya, we
identified a topic where the majority of the salient
terms were dedicated to women and gender issues.
Table 2 gives examples in detail.

Topics in sentences with female and male key-
words include reproductive health, sports activ-
ities, and family roles. Looking at the salient

8Following guidance from Kirk et al. (2022), we refrain
from naming the language to avoid negative connotations to
the language or language speakers.
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NLLB

HornMT
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Afan Oromo Name Distribution

(a) Afan Oromo

NLLB
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Male Female

Amharic Name Distribution

(b) Amharic

NLLB

HornMT

FLORES

0% 25% 50% 75% 100%

Male Female

Tigrinya Name Distribution

(c) Tigrinya

Figure 1: Percentage of stereotypically female and stereotypically male person names in Afan Oromo, Amharic,
and Tigrinya datasets.

terms of the topics trained on sentences with fe-
male and male keywords from the NLLB dataset,
we found that for the sentences with female key-
words, topics include reproduction, with salient
terms like “reproductive organ” and “body part.”
There are also topics with salient terms like “wife,”
“husband,” “marriage,” and “elders” which refer to
family roles and social structures. Conversely, for
the sentences with male keywords, we found that
gendered terms appeared for topics on social roles
and family roles. In the topic with social roles for
Amharic, one of the top words was a derogatory
term used to refer to female sex workers. Table
5 gives examples of topics for female gender sen-
tences and Table 6 gives examples of topics for
male gender sentences.

Salient terms include code-mixed words from
other languages. We observed a few instances
where the salient terms identified were not in the
language of focus. This was most notable for
Tigrinya and Afan Oromo, with the latter having
more code-mixed topics. We provide examples in
Table 2. For Afan Oromo, we further investigated
the dataset by manually inspecting ∼300 sentences.
As Fig. 5 shows, over 40% of the manually in-
spected sentences were not in the language.

Benchmark datasets mostly have news, health,
and sport-related topics, with some that portray
negative stereotypes against women. Since
HornMT and FLORES datasets are parallel across
the three languages, we found that the topics iden-
tified cover similar grounds for all three languages.
We found that most of the topics in benchmark
datasets are centered on news. HornMT dataset
had one topic on healthcare, which included salient
terms like “virus” and “epidemic.” On the other
hand, MAFAND dataset, which only has Amharic,
included topics with negative portrayals of women
with salient terms like “hot girls,” “university cam-

pus,” and “for rich people” occurring in a single
topic. The same topic also included salient terms
like “monster” and the name of one ethnic group.
Table 7 gives examples of topics and salient terms
for the benchmark datasets.

5.2 Subjects and Verbs in MT datasets
In this section, we provide the results of our NER
and Morphological Analysis experiments described
above.

Stereotypically female names account for less
than 20% of the total names in MT datasets
As described in Sec. 4.2.3, we labeled the person
names identified by the NER models we trained
for each language. We find that the percentage
of female names could be as low as 7.74% for
MAFAND in Amharic, and up to 18.98% for
NLLB in Afan Oromo. Across the benchmark
datasets, we see that HornMT has a higher percent-
age of female names as compared to FLORES and
MAFAND. We present the visualization of these
results in Fig. 1.

Most frequent names in NLLB are primarily
names from religious texts, while those of bench-
marks are regular names. For the names that
appeared at least 100 times, we labeled them into
three categories: religious, political figure, and reg-
ular name. We find that most of the names from
the NLLB dataset are religious names for Amharic
and Tigrinya. From the benchmark datasets, we ob-
serve that HornMT has more political figure names
compared to FLORES and MAFAND. We also
observe that in all three benchmark datasets, reg-
ular names account for above 50% of the names
in the top 100 most frequent names for all three
languages. Further, the benchmark datasets have
a small percentage of religious names in all three
languages. Fig. 2 presents an illustration of the
percentage distribution.
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Language Topic Salient Terms

Afan Oromo

Community Voices waliin(together), deebii(response), jaal(love), gaaffii(question), oduu(news),
ibsa(statement), tokko(one), kutaa(section), marii(discussion)

Family Roles haadha(mother), abbaa(father), manaa(home), haati(the mother), abbaan(the
father), ijoollee(children), dubartiin(the woman)

English words the, and, for, you, tattoo, more, aaa, oromo, baa, your, download, this, are, about,
new, all, can, video, read, what

Legal Matters murtii(decision), mana(house), seeraa(of law), abbaa(father), keewwata(arti-
cle),mootummaa(government),dhimma(issue),alangaa(prosecutor),ragaa(evi-
dence)

Amharic

Family Roles እናት(mother), ሚስት(wife), ልጆች(kids), አባት(father), ወንድ(man), ወጣት(youth)
Finance የባንክ(bank’s), ገንዘብ(money), ሂሳብ(account), ፈቃድ(permit), ኩባንያ(company),

ዶላር(dollar), ምንዛሬ(exchange rate), ብድር(loan)
Helathcare የጤና (Helath), በሽታ (disease), ቫይረስ(Virus), ህክምና(healthcare), ወረ-

ርሽኝ(epidimic), ሴቶች(women), ክትባት(vaccine), የኮሮና(corona), ጥናት(study)
Politics ምርጫ(vote), ጠቅላይ ሚኒስትር(prime minister), ፓርቲ(party), ስብሰባ(meeting),

መግለጫ(public address), አባላት(members)

Tigrinya Education ትምህርቲ(Education), ተምሃሮ(Students), ቋንቋ(Langauge), ዩኒቨርሲቲ(University),
መምህር(Teacher), ስልጠና(training), ስራሕ(work), ምምሃር(Teaching), ዕድል(op-
portunity), ዩኒቨርስቲ(Univeristy), ትምህርቶም(Their education), ፈተና(exam),
ፍልጠት(knowledge), ህጻናት(children), ጀርመን(German)

Women and gender
issues

ኣንስትዮ(women), ጾታዊ(gender based), ተባዕትዮ(men), ደቂኣንስትዮ(women),
ኣዋልድ(Girls), ትካላት(institutions), ኣዴታት(mothers), ኣንስትዮን(women and),
ንደቂ(For the children), ዕድመ(age), ዓመጽ(violence)

Entertainment
(Code-Mixed)

ስእሊ(painting), ቪድዮ(video), ትግርኛ(Tigrinya), news, bbc, ምስሊ(picture),
ፊልም(film), ሙዚቃ(music), images, getty

Table 2: Salient Terms for identified topics in the NLLB dataset.

Most verbs in the datasets have male grammati-
cal gender. Fig. 3 shows the distribution of verbs
with male gender inflections vs those with female
gender inflections. We observed that the major-
ity of the verbs have male gender inflection for all
datasets in all languages, with the gaps being more
pronounced for Tigrinya and Amharic, which are
grammatically gendered (see Sec. 2.1).

5.3 Contextual Bias
Here, we describe our results for the evaluation
of the MLMs finetuned with the NLLB dataset as
described in Sec. 4.2.4.

Wrong predictions are more likely to occur for
masked tokens with female expected gender for
all languages, in most models. In Table 14, we
note that for all three languages and most models,
wrong tokens were predicted for data points where
the expected gender was female as compared to
the data points with male expected gender. For
instance, 2.53% of the predicted tokens were wrong
for the Male expected gender for Tigrinya with the
AfriBERTa model finetuned with NLLB dataset,
compared to 6.49% of wrong predictions for the
female expected gender with the same model.

Finetuning with NLLB data decreased wrong
predictions and increased male gender predic-

tions for Afan Oromo and Amharic, regardless
of the expected gender. As described in Sec.
4.2.4, we experimented with AfriBERTa-Plain,
where we run the model as is on our evaluation
dataset, and AfriBERTa-Finetuned, where we fine-
tuned the AfriBERTa model with the NLLB dataset
for each language. Since AfriBERTa includes all
three languages in pre-training, the AfriBERTa-
Finetuned results tell us how the NLLB dataset
shifts the distribution of the pre-trained model. As
can be seen in Table 14, finetuning with NLLB
consistently decreased the wrong predictions for
all languages, regardless of the expected gender.
For instance, 19.74% of the predicted tokens were
incorrect in AfriBERTa-Plain for Amharic; this
was reduced to 10.53% with AfriBERTa-Finetuned.
Further, the AfriBERTa-Finetuned model outputs
increased the predicted tokens with male gender
connotations for Afan Oromo and Amharic; the per-
centage of predicted tokens with male gender con-
notations increased by 12, 17.6 percentage points
for Amharic, Afan Oromo respectively. However,
the increase in predicted tokens with male gender
connotations happened even when the expected
gender is female. On the other hand, finetuning
eliminated cases where the predicted token has fe-
male gender connotation while the expected gender
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Figure 2: Percentage of stereotypically female and stereotypically male names in Afan Oromo, Amharic and
Tigrinya datasets.
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Figure 3: Percentage distribution of grammatical gender of verbs in Afan Oromo, Amharic and Tigrinya datasets.

is male. Tigrinya was an exception to this, where
finetuning with NLLB decreased the male gender
predicted token for female gender expected token
by a 33.85 percentage point.

Amharic had the highest percentage of wrong
predictions, and Afan Oromo had the highest
rate of neutral predictions. While Amharic had
the largest dataset from our three languages of
study, the predictions of the MLMs had the high-
est percentage of wrong predictions compared to
Afan Oromo and Tigrinya (see Table 14). Fur-
ther, when the expected gender is female, all MLM
model predictions had a higher percentage of pre-
dicted tokens with male connotations for Amhairc
as compared to the other languages. For exam-
ple, for mBERT-finetuned, 46.05% of the model
predictions had male connotations for Amharic.
However, it is important to note that Afan Oromo
had the highest percentage of neutral predictions,
regardless of the expected gender. This could be
due to the grammatical nature of the language as
described in Sec. 2

Some adjectives and occupations had a strong
correlation with a particular gender. In both
Afan Oromo and Amharic, we found that the adjec-
tives for “beautiful” and “emotional/nagging” are
strongly correlated with the female gender. When
those adjectives are used, the model predictions fre-

quently output tokens with female gender connota-
tions. When the adjectives were used in a male gen-
der context, the models’ predictions output tokens
that did not make sense in the context of the sen-
tence. Similarly, certain occupations were consis-
tently associated with the male gender: “business
owner,” “lawyer,” and “cleaner” in Afan Oromo
and “engineer” in Tigrinya were consistently as-
sociated with the male gender, while “nurse” was
consistently associated with the female gender for
Amharic.

6 Discussion

More Data, More Problems? Our work reveals
that the topics for training data and benchmark data
do not always align (Sec. 5.1). Further, we found
that languages with less data contain code-mixing
and sentences in other languages (Sec. 5.1). More
research into Language ID tools (e.g. Gaim et al.,
2022) as well as human-centric and participatory
approaches (e.g. Nekoto et al., 2020) may offer bet-
ter alternatives for future data collection schemes.
While collecting more data may reduce the quality
issues in terms of language mixing, it may come
with its own set of problems: we found that the
language with the most data had more toxic and
harmful topics (Sec. 5.1). This finding aligns with
prior work that evaluated textual descriptions of
computer vision datasets and found that hateful
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content increased with the dataset’s scale (Birhane
et al., 2023a). Hence, without careful evaluation
of our datasets and data collection practices, more
data may lead to models that coherently output
harmful content. Further, the lack of quality data
for the low-web data languages we focused on led
us to perform analyses that were not strictly bound
to the gender bias aspect of our work. For instance,
for Afan Oromo, topic modeling results included
large amounts of code-mixed outputs (see Table 2).
This prompted us to manually inspect what propor-
tion of the dataset was actually in Afan Oromo (see
Figure 5). These findings suggest a broader need
for quality control in data collected for low-web
data languages. Further, the gender bias demon-
strated in our findings, regardless of the quality
of the datasets call for evaluations of datasets for
general quality and social representations to reduce
the harm incurred by community members from
disparate model performances and harmful model
outputs.

The Persistence of Gender Bias in NLP Systems
Gender bias has been studied extensively in NLP
and particularly in MT literature (e.g Hada et al.,
2024; Zhao et al., 2018; Wairagala et al., 2022;
Savoldi et al., 2021). In fact, prior work has called
for expanding our evaluation of bias beyond gen-
der (Talat et al., 2022). However, as our findings
revealed, the problem persists. We found a stark
skew in the data to the male gender in terms of
names of persons and grammatical gender of verbs
(Sec. 5.2). Our analysis also revealed a stereo-
typical correlation between certain adjectives and
occupations that are consistently associated with
one gender over the other (Sec. 5.3). Despite the
findings from linguistic studies demonstrating the
linguistic and cultural embedding of gender bias
(see Sec. 2.2), we observed the same phenomenon
in MT datasets. We argue that this is largely due to
how bias evaluation is treated as an after-the-fact
undertaking. Instead, we call for data collection
schemes that incorporate bias investigation by de-
sign. As we have discussed in Sec. 2.2, there are
several cultures and stories about women within the
communities; it is a matter of actively representing
them in our datasets.

What Do MT Benchmarks Measure? Our anal-
ysis revealed that benchmark datasets for MT
mostly covered news, sport and health-related top-
ics (sec. 5.1). While the benchmark datasets eval-
uated in this paper are not exclusively designed to

measure gender bias, they should not perpetuate it.
We find that the text included in the benchmarks
is skewed towards the male gender and, at times,
includes harmful content. Despite the difference
between topics covered in training datasets versus
evaluation datasets, our findings demonstrate that
gender bias persists. We again call for the inte-
gration of bias evaluation in the design stage of
curating benchmarks.

Implications for Models and Downstream Appli-
cations. As we have discussed in Sec. 1, we fo-
cused our analysis on the first stage in the machine
learning pipeline. Prior work evaluated two ma-
chine translation models for gender bias, including
the NLLB model, which is trained with the NLLB
dataset we evaluated (Sewunetie et al., 2024). Un-
surprisingly, Sewunetie et al. (2024) found that the
NLLB model showed high levels of bias against
the female gender, based on a translated Wino-
Bias (Zhao et al., 2018) benchmark. Our analysis
supplements this finding by giving insights into the
biases embedded in the training data. Our findings
also indicated an over-representation of certain top-
ics in the dataset for some languages, which could
have downstream effects. We focused our analysis
on MT datasets as MT models are not only used
as standalone models, but also for generating data
for other models and applications (e.g. Singh et al.,
2025; Joshi et al., 2025). However, our approach
and analysis can be extended to any other dataset
and NLP task.

7 Conclusion

Through a series of human and automated evalu-
ations, our work sheds light on the state of ma-
chine translation datasets for three low-web data
languages. Our findings demonstrated mismatches
in the domain of training and benchmark datasets,
and highlighted a heavy skew towards the male gen-
der. We hope our findings inspire more cautious cu-
ration and evaluation of datasets for low-resourced
languages.

Limitations

Our work has several limitations. First, although
we are evaluating MT datasets, we focused on the
data in the low-resourced languages; we did not
evaluate the parallel English sentences. However,
we were interested in understanding the linguistic,
cultural, and grammatical nature of gender bias in
the three languages within MT datasets and the
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quality of the target language side of the data. Fu-
ture work could, for instance, incorporate an evalu-
ation of the parallel sentence and check if they are
correctly aligned. Further, as we have discussed
throughout the paper, we focused on evaluating
the data; bias could also be introduced during the
model training and deployment phase (Suresh and
Guttag, 2021). Future work can extend our study
with an evaluation of MT models that specifically
address the pitfalls we identified: i.e, person names,
adjectives, and gendered verbs. Further, we had
to apply sampling methods in our NER, Morpho-
logical Analysis, and qualitative evaluations due to
the size of the dataset, particularly for NLLB. We
describe our methods for sampling in Sec. 4 and
Appendix D- G.

Ethical Considerations

Although they are publicly available, the datasets
we evaluated include personally identifiable infor-
mation such as names of individuals. We refrained
from including personal names from the datasets
in our paper. Further, we found some correla-
tions between certain topics and individual lan-
guages, which may perpetuate negative stereotypes
of speakers of the languages (Sec. 5.1). We fol-
lowed guidance from Kirk et al. (2022) and omitted
naming the languages where such risks might mani-
fest. Similarly, we omitted naming an ethnic group
that was a salient term in a topic with toxic terms.
Additionally, the datasets include large amounts of
religious data, which requires careful ethical con-
sideration when used in NLP (Hutchinson, 2024).
For instance, we refrained from giving examples
of religious salient terms in our topic modeling
tables (Table 2- 6) so as not to present text from
religious books along with toxic and harmful terms.
Additionally, we labeled the names of individuals
for gender and category. It should be noted that
we relied on stereotypical gender associations to
perform the labeling.
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Ikram Behiru Nesiru worked on topic mod-
eling, labeling, and early experiments with word
embeddings. In paper writing contributed to Sec-
tion H.
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uation benchmark for MLM experiments and label-
ing and analyzing outputs. Also collected related
work for Section 2. In paper writing, contributed to
Section 5.3, Section 4.2.4, Section G and Section 2.

Senait Mengesha Yayo worked on labeling for
topic modeling, morphological analysis, and MLM
experiments. Helped prepare MLM evaluation
dataset. Also provided input for Section 2.

B Additional Background

Languages vary in how they represent gender. A
language (1) may be genderless–having gender ex-
pressions limited to lexical forms9, (2) may have
notional gender–use pronouns to mark gender in
addition to a lexical gender system, (3) may have
grammatical gender–where every noun is assigned
a gender and other parts of speech in the language
reflect the gender of the noun via morphological
inflictions (Stahlberg et al., 2007; Savoldi et al.,
2021).

As presented in Sec. 2, the grammatical gender
of the languages assigns smaller objects to the fe-
male gender and larger objects to the male gender.
For Afan Oromo, “burq’ituu”(stream) and “quba
mogge”(little finger) are marked as feminine, while
“arba”(elephant) and “galaana”(sea) are marked as
masculine. Similarly, some nouns in the Amharic
language are assigned a masculine grammatical
gender based on their size. This is reflected in the
use of adjectives as well. For instance, if we take
the noun “መኪና”(car), “ትልቁ መኪና”(the big car)
has a masculine grammatical gender while “ትንሿ
መኪና”(the small car) has a feminine gender. In
Tigrinya, the same phenomenon is observed where
“ሰፊሑ መንገዲ”(the wide road) is masculine and
“ፀባባ መንገዲ”(the narrow road) is feminine.

Further, gender bias could also be observed in
person names. For instance, the person names
“Bulchaa”(leader) in Afan Oromo, “መንግስቱ”(his
government) in Amharic, and “ሓየሎም”(he is
greater in power) in Tigrinya do not have a female
equivalent, even though the languages allow for
using morphological inflections to alter the names
to the female form. Note that the words, when used
outside of person names, could be applied to the

9e.g., having distinct words for “mother” and “father”

female gender. For instance, “Bulchituu” can be
used as an administrative title for a female leader.

C Datasets

Data collection for machine translation between
Ethiopian languages has traditionally relied on a
combination of human translations, web scraping,
and data augmentation. Large parallel corpora have
been assembled by extracting bilingual texts from
religious scriptures, legal documents, news arti-
cles, and magazines. Religious texts, such as the
Bible and Quran, are frequently used due to their
availability in multiple languages and their struc-
tured nature, making them ideal for sentence align-
ment. Legal documents, often sourced from gov-
ernment publications, provide formal language use
and cover key domains like law and governance.
News articles, scraped from various online news
platforms, offer contemporary vocabulary and di-
verse topics. Additionally, crowdsourcing initia-
tives and community engagement platforms have
been employed to gather data, especially for un-
derrepresented languages like Oromo and Tigrinya.
Augmentation techniques, such as duplicating and
modifying existing corpora, have been applied to
expand dataset sizes.

In Table 3, we present details of the datasets we
found that had at least one of our focus languages
as a target language. Fig. 4 presents the domain
distribution of the datasets based on the descrip-
tions in Table 3. In Table 4, we present statistics
of the overlap of other publicly available training
datasets with NLLB, which we chose for evalua-
tion based on its size. In Figure 5, we provide the
statistics from our qualitative analysis of 300 ran-
domly sampled sentences from the NLLB dataset
for Afan Oromo, which demonstrated large portion
of the sentences were not in the language or were
code-mixed.

D Topic Modeling

In this section, we provide additional details on our
methods and some results from our topic modeling
experiment described in Sec. 4.2.1.

Pre-processing We treated each sentence as a
document and 1) only kept sentences with more
than 10 words, 2) only kept words with more than
2 characters, 3) lowercased all words10, and 4) re-
moved punctuation. We also removed stopwords

10Only applicable for Afan Oromo since Tigrinya and
Amharic do not have letter case marking.
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Source Citation Lang. Pair Sentences Domains Public

NLLB (NLLB et al., 2022)
– amh-eng 16,137,053 Mixed Yes
– orm-eng 3,232,513 Mixed Yes
– tir-eng 1,398,173 Mixed Yes

Biadgligne and Smaili
(2022)

7 amh-eng 460,691 Religious, Legal, News No

Biadgligne and Smaïli
(2021)

13 amh-eng 225,304 Religious, Legal, News No

Gezmu et al. (2022) 18 amh-eng 145,364 Religious (Bible), News, Maga-
zines

Yes

Abate et al. (2018)
28 amh-eng 40,726 Religious, Historical, Legal Yes
28 tir-eng 35,378 Religious, Historical, Legal No
28 orm-eng 14,706 Religious, Historical, Legal No

Mekonnen (2018) – amh-eng 56,044 Religious (Bible), News, His-
tory, Legal

Yes

Chala et al. (2021) 3 orm-eng 41,933 Legal, Religious, Literature, Me-
dia

No

Belay et al. (2022) 7 amh-eng 33,955 Religious, News, Politics,
Sports, Economics

Yes

Tedla and Yamamoto (2016) 8 tir-eng 31,279 Religious (Bible) No
Tedla and Yamamoto (2018) 5 tir-eng 31,277 Religious (Bible) No
Woldeyohannis and Meshe-
sha (2018)

10 amh-tir 25,470 Religious, Web Scraping No

Adugna and Eisele (2010) 19 orm-eng 21,085 Religious, Legal, Medical No
Kiros (2020) 6 tir-eng 17,338 Bible, Legal, Education, News No
Berihu et al. (2020) 4 tir-eng 12,000 Bible, Constitution, Tourism,

News
No

Ashengo et al. (2021) 27 amh-eng 8,603 Religious (New Testament) No
Yitayew (2017) 3 orm-eng 6,400 Religious, Legal No

Tracey and Strassel (2020)
12 amh-eng <900,000 words News, Blogs, Discussion Fo-

rums, Twitter Posts
No

12 tir-eng <300,000 words News, Blogs, Discussion Fo-
rums, Twitter Posts

No

12 orm-eng <300,000 words News, Blogs, Discussion Fo-
rums, Twitter Posts

No

Table 3: Summary of machine translation datasets that include at least one of the three languages of focus. Table
sorted by descending order of number of parallel sentences.

Source Specifics Sentences Overlapping
Sentences

Percentage(%)

Gezmu et al. (2022)
amh-eng(train) 140,000 55,224 39.45
amh-eng(dev) 2,864 1,131 39.49
amh-eng(test) 2,500 990 39.60

Abate et al. (2018)
African Almanac Amharic 1,431 8 0.56
Haile Selassie Award
Speeches

153 0 0.00

Belay et al. (2022)
train 5,796,660 512,456 8.84
test 322,037 28,661 8.90
valid 322,037 28,381 8.81

MarsPanther
amh-eng(jw-bible) 31,062 3,694 11.89
amh-eng(news) 13,562 120 0.88
amh-eng(ethiopic-bible) 11,726 8,319 70.94
amh-eng(e-bible) 6,528 4,808 73.65
amh-eng(legal) 5,371 148 2.76
amh-eng(jw-daily-quote) 4,706 2,604 55.33

Table 4: Comparison of machine translation datasets with respect to their overlap with the NLLB dataset.

from the dataset before training our LDA models.
To identify stopwords, we used (Emezue et al.,
2022) to automatically generate a list of candidate

stopwords and manually inspected and verified
the list. Our pre-processing is partially inspired
by prior work (Lucy et al., 2025; Thompson and
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Figure 4: Caption

Mixed
5.9%

Not Afan Oromo
40.3%
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53.8%

Qualitative Evaluation of NLLB Afan Oromo

Figure 5: Percentage distribution of qualitative evalua-
tion for Afan Oromo NLLB data.

Mimno, 2018), and adapted to the characteristics
of our languages of focus.

D.1 Topic Modeling Results

Here, we present the results of our topic mod-
eling experiments. In Table 2, we present the
salient terms from topic modeling on the full NLLB
dataset for the three languages. In Table 5, we
present the salient terms for sentences with fe-
male gender keywords and in Table 6 we present
the salient terms for sentences with male gender
keywords. We used keywords like [“he”, “his”,
“brother”, “father”] and so on for the male gen-
der and [“she”, “her”, “sister”, “mother”] for the
female gender, each in the three languages. In Ta-
ble 7, we present salient terms for the benchmark
datasets. Note that we have censored derogatory
terms.

E Named Entity Recognition

For Named Entity Recognition, we used Afro-
XLMR(Alabi et al., 2022b) model for Amharic
and AfriBERTa(Ogueji et al., 2021a) model for
Afan Oromo and Tigrinya. In Table 8, we provide
the hyperparameters used for fine-tuning.

Pre and Post Processing: We used the
MaskahneNER (Adelani et al., 2021a) dataset for
Amharic, Tigrinya NER Dataset (Yohannes and
Amagasa, 2022) for Tigrinya and Afan Oromo
NER dataset (Ababor, 2021) dataset for Afan
Oromo. The Tigrinya dataset had data points that
were missing tags, which we manually corrected
before training the model. For Afan Oromo, the
model predicted sub-tokens for some cases instead
of words; hence, we merged the sub-tokens after
prediction.

We summarize the datasets we used for NER
finetuning for each language in Table 9. For
Amharic we used the Masakhane-NER 1.0 (Ade-
lani et al., 2021b) which includes annotated dataset
for 10 African languages including Amharic. We
did not perform any pre or post-processing on the
dataset and used it as is. For Tigrinya, we used the
dataset from Yohannes and Amagasa (2022). The
dataset contained untagged words which we manu-
ally corrected for by assigning the appropriate tags.
For Afan Oromo we used datasets from (Ababor,
2021).

E.1 NER Results

We first evaluated the NER models we trained us-
ing the test splits of the datasets we used. Table 10
gives the results. In Fig. 2, we provide the distri-
bution of the name categories identified for each
language.

F Morphological Analysis

Pre and Post Processing We used the same pre-
processing step as the one described above for topic
modeling. We then ran HornMorpho on unique
words in the dataset and performed our analysis
on verbs from the vocabulary of each dataset. For
Amharic and Tigrinya, HornMorpho was taking
significant time to process the full NLLB dataset.
Due to resource constraints, we limited our analysis
to 260k unique words for Amharic and 300k unique
words for Tigrinya. It took 28 hours for Amharic
and 20 hours for Tigrinya.

Further, HornMorpho deals with ambiguity by
outputting all versions of a given word. But since
we were resource-constrained, we took the first
version of a word whenever there were multiple
variations. In some cases, this resulted in errors,
for instance, the word “ግዛት” which could mean
“territory” was sometimes analyzed as a verb which
could mean “you should buy from her” or “you
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Language Topic Salient Terms

Afan Oromo

Emotion Jibbiti(hate), Jaallattus (Even if you love it), Abbaa(father), Dandeesseetti(She
is been able to), Deebisuu(to respond), Baattus(to obtain), Argachuu(to find),
Tolaooltummaa(kindness)

Personal Develop-
ment

Sanaa(that), Jedhe(said), Jedhee(having said), Fudhate(took), Jalqabee(starting),
Ilaa(to), Moo(or), Sanaan(with that), Bartuu(learn), Ergasii(after), Ofii(own),
Dhagaani(to hear), Guddachuu(to grow)

Family roles and ex-
periences

Haadha(mother), Mucaa(child), Ijoollee( children), Siif(for you), Qabu(have),
Umuriin(age), Waggaa(year), Eegale(began), Hafe(remained), Rakkoo(problem),
Himuun(to express), Hawwitee(wish), Abjuun(dream), Boouu(crying)

Family values Ishee(her), Haadha(mother), Mana(house), Kunuunsuu(to care), Jiraachuu(to
live), Qulqullummaan (purity), Jaalalaa(love), Kabajuu(to honor), Jaal-
lachuu(Love the character).

Amharic

Reproduction ሴቶች(women), የሴት(woman’s), አንቺ, ብልት(reproductive organ), እናት(mother),
ደረቅነት(dryness/stubborness), እንቅስቃሴ(exersice/movment), ችግር(problem),
የወXብ(sexual intercourse), አካል(body part)

Sport activity ሚስት(wife), ጓደኛ(friend), አድናቂዎች(fans), ወንዶች(men), ደጋፊዎች(supporters),
እግር(foot),

Family roles እናት(mother), እህት(sister), ሚስት(wife), አባት(father), ፍቅር(love), የጥፍር(nail’s),
የጋብቻ(marriage)

Family and Cultural
roles

ሚስት(wife), ሴቶች(women), የሚሰጡዋቸውን(what is given to them), ቅድሚያ(pri-
ority), ግምገማዎች(assesments), ሴትየዋ(the woman), ባልና(husband and),
ወጣት(youth), ሽማግሌዎች(elders), ድንግልናዋን(her virginity).

Tigrinya

Maternity rights ክትረክብ(In order to have), ዘፍቅድ(that permits), ንኽተዕርፍ(for her to take a rest),
ስርሓ(her job), ክትሓርስ(to give birth), mutterschutz, ዕረፍቲ(rest), ወሊድ(child
birth), ጾርነት(), ነፍሰ(), ሰበይቲ(woman)

Fertility in relation
to inheritance in
marriage

ሰበይቲ(woman), መኻን(infertile), ንስኺ(You), የብልናን(We don’t have), ውላድ(a
child), ዝወርስ(who inherits), ክንገብሮ(we have to do), ሃብትና(our wealth), ዘኣ-
ከብናዮ(which we have collected), ንሰበይቲ(for woman), ቴክታ(), ንሱውን(He too),
ንሰበይቱ(for his wife)

Emotional expres-
sions

ኣሎኒ(I have), ንጎይታ(for my lord), ኣዘራርባ(the way to speak), ሰበይቲ(woman),
ክብርን(dignity and), ፍቕርን(love and), መግለጺ(expression), ዘይገብረልኪ(why
won’t he do it for you), ንኣኺ(for you), ክብርቲ(dear), ወላዲተይ(my mother),
ኣደይ(my mother), ዘይኮነስ(not that), መልሲ(answer), ኣሉታዊ(negatively), እም-
ቢትነት(disobedience), ንዕቀትcontempt), ሓሳብ(thought), ምሉእ(whole), ምሳኺ(with
you)

Table 5: Salient terms for topics identified for NLLB sentences with female keywords.

Language Topic Salient Terms

Afan Oromo Travel Deemte(went), Hordofuun(to follow), Imale(traveled), Sanatti(at that time),
Baatiiwwa(months), Paaspoortii(passport)

Family support Abbaa(father), Mana(house), Dubartii(woman), Dhiiraa(male), Jirachudha(coex-
istence), Walgargaaranii(supporting each other), Isaanii(their), Hidhamanii(im-
prisoned), Tauudhaan(by doing so), Hadha(between), Gidduutti(among).

Social Structures Ilaallata(related to), Keessaa(inside), Mana(house), Abbaa(father), Bara(year),
Haadha(mother), Dhiiraa(male), Dubartoota(women), Waraabbii(authority),
Buuuraa(foundation), Hiikni(interpretation), Tau(that), Keeyyata(article),
Grikii(Greek), Jecha(word), Haa(yes), Gadaa(system), Bulchiinsa(administra-
tion), Haaraa(new), Aanaa(district).

Amharic Social roles ወንድ(man), ሴቶች(women), አባት(father), ጋXሞታ(derogatory term), አሻን-

ጉሊት(doll), ወXብ(sexual intercourse), ወXባዊ(sexual)
Family ወንዶች(men),ባልና(husband and),አባት(father),ሚስት(wife), xbox, ናሙና(sample)

Tigrinya Rights among gen-
ders and ages

ተባዕትዮ(men), ተባዕታይ(man), የብሎምን(They shouldn’t), ፍልልይ(difference),
ዚብሃል(which is called), ኣንስተይቲ(woman), መንጎኦም(among them), ይረኣዩ(They
are treated as), ዀይኖም(They have become), ወትሩ(always), ኪለብሱ(to wear),
ተገሊጾም(they were described), ህጻናትን(children and), ኣንስትዮን(women and),
ጾታኦም(their gender)

Marital partners and
their rights under
law

ሰበይትን(wife and), ሰብኣይን(husband and), ይህልዎም(they will have),
መሰላት(rights), ጽምዲ(voice), ይህልዎ(he has), ሕጋዊ(legal), ዝምድንኦም(their
relationship), ክምስርቱ(to establish), ዝምድና(relationship), ደቀንስትዮ(women),
ተባዕትዮ(men), ክደጋገፉን(to support each-other), ክፋለጡን(to get to know
each-other), ንሓድሕዶም(to each-other), ኪዳን(covenant)

Table 6: Salient terms for topics identified for NLLB sentences with male keywords.
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Language Dataset Topic Salient Terms

Afan Oromo HornMT Legal Murtii (Court), Maree (Council), Yakka (Crime), Filan-
noo (Election), Seeraa (Law), Himannaa (Accusation),
Abbaan (Owner)

FLORES Sports Raadiyoo(radio),Dorgommii(competi-
tion),Tabba(game),Waqtii(season),Kabaja(honor),Kub-
baa(ball),Kophee(shoe),Humnaan(force),Gal-
gala(evening),Gartuun(group)

Amharic

HornMT Healthcare አደጋ(accident), ቫይረስ(virus), ጉዳት(damge), በሽታ(dis-
ease) , ወረርሽኝ(epidemic)

FLORES News አባል(member), ሴቶች(women), የሙቀት(heat), ዩኒቨ-

ርሲቲ(university),
MaFAND News ሐውልት(statue), condommpangoni, በአንጎላ(in Angola),

ቀውሶች(crisis), ሴቶች(women), ከተሞች(cities), የኮ-

ንዶም(condom), ባቡር(train)
MAFAND News የካምፓስ(university Campus), ቀውጢቺኮች(hot girls), ለሀ-

ብታሞች(for rich people), ውርስ(inheritance), በፌስቡክ(on
Facebook), ግድብ(dam), ለሀብታሞችን(for rich people’s),
ብሔሩን(ethnic group’s), ጭራቅ(monster)

Tigrinya

HornMT Health ኢትዮጵያ(Ethiopia), ጥዕና(Health), ሚኒስትር(Minster),
ትካል(institution), ኣፍሪካ(Africa), ዕላዊ(Announced),
ዶክተር(Doctor), ልምዓት(Development), ለበዳ(Epidemic),
ቫይረስ(Virus)

FLORES News ሰባት(people), ብዙሕ(many), ባሕሪ(sea), ሃገር(coun-
try), ሰሜን(North), ጉዕዞ(travel), ጥራሕ(Only),
በረድ(ice), ስራሕ(work), ዋላኳ(Although),ሕማም(disease),
ምግቢ(food), ውግእ (battle)

Table 7: Salient Terms for Topics for Benchmark datasets.

AfroXLMR-
base

AfriBERTa-
large

AfriBERTa-
base

Parameters 277M 111M 125M
Layers 12 12 10
Learning
Rate

2e-05 2e-05 2e-05

Epoch 3 5 5

Table 8: Model training details for NER experiments.

Lang. Dataset Train Dev Test

Afan
Oromo

Afan Oromo-NER
Dataset (Ababor,
2021)

1205 151 151

Amharic Masakhane-
NER (Adelani
et al., 2021b)

1750 250 500

Tigrinya Tigrinya-NER
Dataset (Yohannes
and Amagasa,
2022)

4562 570 571

Table 9: Dataset size and description for NER model
training.

Language Accuracy

Afan Oromo 94.0%
Amharic 94.8%
Tigrinya 95.3%

Table 10: Accuracy of NER models on their respective
testsets for each language.

should buy her” or “you should rule her” all de-
pending on context. However, HornMorpho does
not account for context (Gasser, 2011). We manu-
ally looked at the top 20 most frequent verbs across
the languages and datasets and found that when
errors do occur, they are more likely misclassifica-
tions of neutral terms as female gender verbs and
sometimes as male gender verbs. Hence, while
the morphological analysis is not perfect, the sig-
nificant gap between the male gender and female
gender terms still gives us insights into the differ-
ence in representation.

G Masked Language Modeling

In this section, we provide more details and ad-
ditional results to support our MLM analysis as
described in Sec. 4.2.4.

G.1 Model Training
We used AfriBERTa-small (Ogueji et al., 2021b)
and mBERT (Devlin et al., 2018) for Amharic,
Afan Oromo, and Tigrinya. AfriBERTa was fine-
tuned directly on NLLB (NLLB et al., 2022) cor-
pora for each language. For mBERT, we trained
new WordPiece tokenizers on NLLB data for each
language and continued pretraining for 100k steps.
All models were optimized with AdamW (β1 =
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0.9, β2 = 0.999, ε = 1e−8), a learning rate of
2e-5, linear scheduling with 1000 warmup steps,
and mixed-precision training. Effective batch size
was 16 through gradient accumulation. Table 11
summarizes the parameters and hyperparameters.

G.2 Evalaution Dataset
Seed Sentences. We began with 22 sets of seed
sentences in Amharic that contained professions
(e.g., doctor, teacher, driver). These professions
were selected because they frequently encode cul-
tural gender stereotypes.

Modifier Axes. To enrich the seed set, we com-
bined each profession with modifiers drawn from
four axes: (1) Size descriptors, (2) Strength/Diffi-
culty descriptors, (3) gendered attractiveness de-
scriptors, and (4) Behavioral descriptors, in order
to have a diverse pool of sentences with explicit
and implicit gender cues.

Cloze Generation. Each profession or modifier
word was replaced with the [MASK] token, creating
a cloze-style sentence suitable for MLM evalua-
tion. These cloze sentences provide the model with
surrounding context while withholding the target
word. All sentences were then translated into Afan
Oromo and Tigrinya by our native speakers to main-
tain semantic and grammatical equivalence.

Setting Value

Learning rate 2e-5
Effective batch size 16 (4 X 4 accumulation)
Learning rate scheduler Linear decay
Warmup steps 1000
Total training steps 100,000
Mixed precision Native AMP

Table 11: Model parameters and hyperparameters for
MLM finetuning.

Expected Gender Categories. For each cloze
sentence, the masked word was annotated with an
expected gender category. We used M (male), F (fe-
male), and N (neutral), as well as composite labels
(N==M, N==F, F==M, M==F) to capture ambigu-
ous or neutral contexts aligned with gendered read-
ings. Annotation was performed by native speakers
and cross-verified.

G.3 Contextual Bias Results
Adjective Associations Consider the masked
model inputs where the adjective is “ቆንጆ” mean-
ing “beautiful” with the female version of the ad-

jective “ቆንጆዋ.” The model consistently predicted
the word “ሴት” meaning “lady/woman” regardless
of the expected occupation or other descriptions.
But for the male version of the adjective, “ቆንጆው,”
the model predicted tokens do not correctly com-
plete the sentence. We observed a similar trend for
the adjective “ነጭናጫ”(emotional/nagging). Con-
versely, for the adjective “ትልቅ” (big), the model
always predicted tokens with male gender conno-
tation for both the male “ትልቁ” and female “ትልቋ”
versions of the adjective. This was consistent even
when the occupation was stereotypically female.
Similarly, for Afan Oromo, we found adjectives
such as “bareeddu” (beautiful), “nyakkistun” (emo-
tional/nagging) having strong correlation with fe-
male gender.

Occupational Associations For Afan Oromo,
we found that occupations like “business-owner”
consistently were associated with the male gen-
der: despite the adjectives used, the token pre-
dicted for the cloze [MASK] “qabenyaa” ([MASK]
business-owner) was “abbaa”(father/male) 100%
of the time. Similarly, “haadha” [MASK] (“mother”
[MASK]) clozes consistently were completed
with “warra”(house) while “abbaa” [MASK] (fa-
ther [MASK]) was consistently completed with
“qabeenyaa” (property). Further, occupations like
lawyer, cleaner, and business owner have no cor-
rect female predictions, while engineer and leader
were always neutral. For Tigrinya, while finetuning
improved the number of wrongly predicted male
gender tokens for female expected gender clozes,
the anticipation engineer was always associated
with the male gender.

Top-5 predictions We extended our analysis to
the top-5 predictions to observe broader gender dis-
tribution patterns across models. Table 15 presents
the proportion of gendered, neutral, and wrong
completions across all models and languages.

• Afan Oromo: For Afan Oromo, the top-
5 outputs are dominated by neutral comple-
tions, consistent with the languages relatively
gender-neutral morphology. AfriBERTa-Base
predicts neutral tokens in 76 % 75 % of cases,
while fine-tuning reduces this by about 8 - 10
percentage points. Male predictions rise from
18 % to 25 % for male-expected sentences,
and female predictions increase slightly from
7.9 % to 11 %. Wrong predictions remain
below 8 %, showing stable contextual con-
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Seed Sentence Lang. Modifier Axis Modifier Word Modified Sentence

Abukaattoon kun falmaa
gaariidha.
(The lawyer is a good de-
bater.)

Afan
Oromo

Size guddaan
(Big )

Abukaattoo guddaan kun falmaa gaariidha.
(This big lawyer is a good debater.)

የድርጅቱ ባለቤት ነች።

(She is the owner of the or-
ganization.)

Amharic Gendered At-
tractiveness

ቆንጆዋ

(Beautiful)
ቆንጆዋ ልጅ የድርጅቱ ባለቤት ነች።

(The beautiful girl is the owner of the organiza-
tion.)

እታ ነርስ ኣዝዩ ዘመናዊኣብዝኾነ

ሆስፒታል እያ ዝትሰርሕ።

(The nurse works in a very
modern hospital.)

Tigrinya Behavioral de-
scriptors

ፃዕራም

(diligent)
እታ ፃዕራም ነርስ ኣዝዩ ዘመናዊ ኣብ ዝኾነ ሆስፒታል እያ

ዝትሰርሕ።

(The diligent nurse works in a very modern hos-
pital.)

Table 12: Example of seed sentence modification across modifier axes and languages.

Cloze Sentence Lang. Exp.
Gender

AfriBERTa AfriBERTa-Fine-
tuned

mBERT-Fine-tuned

Intalti jabduu kun [MASK]
qabeenyaa dhaabbatichaati.
(The clever girl is the [mask]
of the company .)

Afan
Oromo

F abbootii(M), ab-
baa(M),madda(N),ab-
baan (M) Abbootii(M),

abbaa(M), ab-
bootii(M),madda(N),
haadha(F) ,dhaab-
bata(N)

yeroo(W), kan(W),
gara(W), akka(W),
mana(W)

ጎበዟ [MASK] ማታ አምሽታ

ወደ ቤቷ ገባች።

(The beautiful [MASK] is
the owner of the organiza-
tion.)

Amharic F ዛሬ(N),ትናንት(N),
ማታ(N),ና(N),ቅዳሜ(N)

ዛሬ(N),ትናንት(N),
ማታ(N),ና(N),ቅዳሜ(N)

ም(N)(F),ው(W),
ን(W),ና(W),ት(W)

እቲ ዓብዪ ሓኪምምስመሳርሕቱ

ብዙሕ [MASK] ።
(The big doctor [Mask] with
his colleagues)

Tigrinya M እዩ(M),ኣሎ(M),
ነገራት(N),ሰብ(N),ነይሩ(M)

እዩ(M),ኢዩ(M),
ኣይነበረን(M),ኣይ-
ኮነን(M),ነይሩ(M)

እዩ(M),ኢዩ(M), ኣይ-

ኮነን(M),የለን(M),እዮም(N)

Table 13: Example of cloze sentences and model predictions for AfriBERTa base, AfriBERTa fine-tuned, and
mBERT fine-tuned evaluations.

trol. In contrast, mBERT-Finetuned performs
poorly, with over 44 % wrong predictions and
minimal gender distinction.

• Amharic: All Amharic models continue to
show a clear male bias. Across both expected
genders, male-associated completions domi-
nate the prediction lists. Fine-tuning AfriB-
ERTa with NLLB data improves contextual
reliability. Wrong predictions drop from 18.8
% to 5.1 % for female-expected and from 14.1
% to 7.8 % for male-expected cases. How-
ever, even after fine-tuning, male tokens re-
main more frequent (33 % vs. 17.8 % female)
in female-expected contexts. The increase
in neutral predictions (up to 44 %) suggests
greater contextual caution but does not elimi-
nate gender asymmetry. In contrast, mBERT-
Finetuned remains largely neutral ( 45 %) and
almost never produces female completions.

• Tigrinya: Tigrinya shows the largest improve-
ment after fine-tuning. In AfriBERTa-Base,

male completions dominate even when the
expected gender is female (35.7 % vs. 14.5
% female). After fine-tuning, the pattern re-
verses: female predictions increase by 42 per-
centage points(pp), and male predictions fall
by 21 pp. For male-expected sentences, cor-
rect male predictions rise from 59.7 % to 76.8
%, and neutral predictions decrease by 17
pp. mBERT-Finetuned remains biased toward
male forms and produces over 21 % wrong
completions, about twice that of AfriBERTa-
Finetuned.

H Additional Experiments

We attempted to experiment with embedding
model-based bias evaluation. In particular, we tried
to adopt SemAxis (An et al., 2018). SemAxis iden-
tifies 732 Semantic axes based on the opposite pairs
of words from ConceptNet dataset (Speer et al.,
2017). We trained a word embedding model for
NLLB, FLORES, and HornMT Amharic datasets.
We then tried to translate the 732 word pairs from
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Prediction
Language Model Expected Gender Female Male Neutral Wrong

Amharic AfriBERTa-Plain Female 19.74 35.53 25.00 19.74
Male 1.33 56.00 28.00 14.67

AfriBERTa-Finetuned Female 18.42 46.05 25.00 10.53
Male 0.00 68.00 22.67 9.33

mBERT-Finetuned Female 1.32 46.05 23.68 28.95
Male 0.00 50.67 22.67 26.67

Afan Oromo AfriBERTa-Plain Female 13.39 8.93 72.32 5.36
Male 0.80 17.60 77.60 4.00

AfriBERTa-Finetuned Female 16.96 14.29 64.29 4.46
Male 0.00 35.20 59.20 5.60

mBERT-Finetuned Female 3.57 23.21 73.21 0.00
Male 4.00 20.80 75.20 0.00

Tigrinya AfriBERTa-Plain Female 26.15 44.62 13.85 15.38
Male 0.00 71.01 18.84 10.14

AfriBERTa-Finetuned Female 55.38 10.77 27.69 6.15
Male 0.00 84.06 5.80 10.14

mBERT-Finetuned Female 10.77 38.46 30.77 20.00
Male 0.00 52.17 20.29 27.54

Table 14: Percentage distribution of the masked token predictions matching the expected gender for the MLM
models used in the experiment. The Wrong column shows the percentage of masked tokens that did not meaningfully
complete the sentence and did not carry any gender information.

Prediction
Language Model Expected Gender Female Male Neutral Wrong

Amharic

AfriBERTa-Base Female 32.04 18.07 31.12 18.77
Male 45.87 4.71 35.29 14.13

AfriBERTa-Finetuned Female 33.02 17.79 44.05 5.14
Male 51.13 2.43 38.60 7.84

mBERT-Finetuned Female 36.71 0.00 44.96 18.33
Male 38.13 0.27 43.47 18.13

Afan Oromo

AfriBERTa-Base Female 10.68 7.86 76.49 4.97
Male 18.05 1.76 74.83 5.36

AfriBERTa-Finetuned Female 12.68 11.04 69.67 6.61
Male 25.32 2.42 64.95 7.31

mBERT-Finetuned Female 12.76 2.22 40.27 44.76
Male 11.02 1.71 41.87 45.41

Tigrinya

AfriBERTa-Base Female 35.69 14.46 34.77 15.08
Male 59.66 0.24 28.21 11.88

AfriBERTa-Finetuned Female 14.15 56.62 18.77 10.46
Male 76.81 0.00 10.72 12.46

mBERT-Finetuned Female 30.15 10.77 37.54 21.54
Male 54.78 1.74 21.59 21.88

Table 15: Top-5 prediction gender distribution (%) across models and languages. Each row shows the proportion of
predictions by gender category given the expected gender.
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SemAxis, but found that the words do not exist or
only one word from the pair exists in our dataset.
Of the 732 word-paris, 43 existed in NLLB, 30 in
FLORES, and 21 in HornMT. We also attempted
to create our own axis based on 45 word pairs that
exist in the datasets. However, the results were not
promising so we did not proceed with the exper-
iments for the other languages, which have even
less data.
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