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Abstract

Gender bias in word representations has
emerged as a prominent research area in recent
years. While numerous studies have focused on
measuring and addressing bias in English word
embeddings, research on the Turkish language
remains limited. This work aims to bridge this
gap by conducting a comprehensive evaluation
of gender bias in Turkish word embeddings,
considering the dimensions of syntax, seman-
tics, and morphology. We employ subword-
based static word vectors trained on three dis-
tinct domains: web crawl, academical text, and
medical text. Through the analysis of gender-
associated words in each domain, we not only
uncover gender bias but also gain insights into
the unique characteristics of these domains. Ad-
ditionally, we explore the influence of Turkish
suffixes on word gender, providing a novel per-
spective on gender bias. Our findings reveal
the pervasive nature of gender biases across
various aspects of the Turkish language, includ-
ing word frequency, semantics, parts-of-speech,
and even the smallest linguistic unit - suffixes.
Notably, we demonstrate that the majority of
noun and verb lemmas, as well as adverbs and
adjectives, exhibit masculine gendering in the
general-purpose written language. This study
is the first of its kind to offer a comprehensive
examination of gender bias in the Turkish lan-

guage.
1 Introduction

The rise of pretrained language models, such as
BERT (Devlin et al., 2019), has significantly im-
proved various natural language processing (NLP)
tasks. However, these models are often trained
on large amounts of web-based data, which can
contain social stereotypes and biases that may be
inherited by the models. This raises concerns as
such biases can be perpetuated in downstream ap-
plications (Tal et al., 2022). The advent of large
language models (LLMs) (Minaee et al., 2024) has

further highlighted the importance of understand-
ing and evaluating training data quality, including
the presence of toxicity and gender bias (Zhao et al.,
2024).

While previous studies have primarily focused
on gender bias in embeddings, particularly in En-
glish, research on other languages has been limited
to a few multilingual projects. For instance, (Prates
et al., 2019)) evaluated gender bias in machine
translation by translating gender-neutral languages
using the Google Translate API, while (Lewis and
Lupyan, 2019) examined gender stereotypes across
25 natural languages. However, languages other
than English have received minimal attention in
this research domain.

In the case of the Turkish language, the existing
research is sparse. (Ciora et al., 2021) investigated
overt and covert gender bias in machine translation
models by examining gender-neutral Turkish and
gendered English. (Caglidil et al., 2024) explored
gender bias in Turkish transformer models. Despite
the advancements in LLMs, several crucial research
gaps related to the Turkish language still remain.
Firstly, there is a lack of studies focusing on the
fundamental form of word embeddings, namely
pretrained word vectors. Secondly, we strongly
believe that Turkish morphology warrants an exten-
sive linguistic study that delves into the intrinsic
nature of the language itself. This unique aspect of
Turkish sets it apart from English and other welll-
studied Western languages and adds an additional
dimension to the research on gender bias.

To address these gaps, our work aims to fill the
research void by conducting a comprehensive eval-
uation of gender bias in Turkish word embeddings,
considering the dimensions of syntax, semantics,
and morphology. We employ static embeddings,
specifically Floret vectors, trained on three dis-
tinct domains: web data, academic data, and med-
ical data. Through our analysis, we investigate
the frequency of words associated with men and
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women, examine the parts of speech associated
with each gender, and explore the conceptual clus-
ters of words associated with men and women. Ad-
ditionally, we provide an in-depth exploration of
the relationship between morphology and the gen-
dering of words by dissecting the semantic aspects
of suffixes.
Our main contributions are as follows:

* We conduct a comprehensive study on gender
bias in Turkish word embeddings, which is
the first of its kind.

We consider syntax, semantics, and morphol-
ogy dimensions in our work, across three dis-
tinct domains.

* We demonstrate that gender biases are preva-
lent across various aspects of the Turkish lan-
guage, including word frequency, semantics,
parts-of-speech, and even in the smallest unit
of the language - suffixes. We show that in
the general-purpose written language, the ma-
jority of noun and verb lemmas, as well as ad-
verbs and adjectives, are gendered masculine.
The majority of art, sports, and profession-
related noun lemmas are also masculine, along
with abstract nouns, body parts, electronic de-
vices, clothing, and everyday object names.

* We also demonstrate that word morphology
directly impacts the gender of word forms and
can switch the gender of word forms. We
research which suffixes have which gender
impact on the word form.

This paper is organized as follows: we present
our data and methodology, followed by domain-
specific results related to the pretrained embed-
dings in each domain. The final section focuses on
morphology. Our code and data are available in our
Github' and Huggingface? repositories.

2 Methodology

In this section, we provide an overview of our
methodology, including details about the datasets
used, the choice of word vectors, and the process
of training and calculating gender-related metrics.

1https://github.com/DuyguA/GeBNLP—2@24—Gende
r-Bias-Turkish-Word-Embeddings
https://huggingface.co/turkish-nlp-suite

2.1 Data

We utilized three distinct domains to train and eval-
uate our word vectors. The first domain is web
crawl data, obtained from the mC4 part of the Cul-
turaX dataset (Nguyen et al., 2023). This corpus,
consisting of 76,432,893 documents, serves as a re-
flection of societal consciousness and is commonly
utilized in various NLP tasks. To ensure data qual-
ity, we performed cleaning and preprocessing on
the web crawl corpus, applying additional filters to
enhance its overall reliability.

The second domain focuses on academic papers,
where we expect minimal gender bias. We col-
lected this data from various sources, including
YOK Acik Erisim 3 and Dergipark #. Both orga-
nizations, affiliated with the government, provide
high-quality research papers and journals on their
respective websites. We compiled abstracts from
these sources, resulting in a total of 309,169 ab-
stracts from YOK Acik Erisim and 188,106 ab-
stracts from Dergipark. Additionally, we obtained
full article bodies solely from Dergipark, compris-
ing 147,961 documents. The combined dataset
from these sources is referred to as Academic
Crawl, with a total of 645,236 documents.

The third domain focuses on the medical field
and involves crawling research papers from Dergi-
park. We specifically selected journals with a med-
ical focus, resulting in a corpus of 37,910 doc-
uments. Similar to the Academic Crawl corpus,
the Medical Crawl corpus underwent cleaning and
processing, including language filtering and the
resolution of PDF-to-text errors.

Regarding the Medical Crawl corpus, we man-
aged to eliminate PDF-to-text mistakes by imple-
menting rules targeting single characters and miss-
ing vowels/consonants in between. Only a small
portion of the data required removal.

In handling the Academical Crawl corpus, we
faced a higher frequency of errors and articles with
mistakes, presenting a more complex task. To ad-
dress this, we conducted experiments and observed
the effectiveness of the LLM Qwen2-7B (Bai et al.,
2023) of recognizing Turkish at the character level.
Utilizing a single NVIDIA A100 80GB GPU, we
dedicated 108 hours to process 4.3GB of data using
a zero-shot configuration.

For reference, the sizes of each corpus are sum-
marized in Table 1. Each corpus is available in

3https://acikerisim.yok.gov.tr/acik—erisim
*https://dergipark.org.tr/en/
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Dataset Size Words
mC4 172.7GB  20B
Academic Crawl  4.3GB 480M
Medical Crawl 178.6MB  20M

Table 1: Sizes of the datasets used in the study: Mea-
sured in UTF-8 bytes and number of words (in bil-
lions/millions).

their respective Huggingface repositories .
3 Training and evaluation of word
embeddings

In our study, we considered the agglutinative nature
of the Turkish language with its rich morphology.
To effectively represent the complex word forms
that can be generated through the addition of nu-
merous inflectional and derivational suffixes, we
chose to use Floret embeddings (Bojanowski et al.,
2017), an extended version of fastText (Joulin et al.,
2016) that incorporates Bloom embeddings (Grave
etal., 2017). Floret combines word and subword in-
formation, allowing for more compact vector tables
with enhanced representation of the morphological
structure. Compared to traditional word vectors,
Floret’s subwords are up to 10 times smaller.

We utilized the Floret library code by spaCy
(Honnibal and Montani, 2017) to train our word
vectors. The training was conducted using the
Continuous Bag-of-Words (CBOW) algorithm
(Mikolov et al., 2013), with each word vector hav-
ing a dimension of 300. For the subwords, we
considered 2-grams to 5-grams. To reduce the size
of the vocabulary, we used a compact vocabulary
of 250,000 entries for the web crawl corpus (mC4)
and the Academic Crawl corpus. For the Medical
Crawl corpus, which has a smaller size, we used a
vocabulary of 80,000. The choice of the subword
window range [2, 5] was determined heuristically,
considering that the length of most common Turk-
ish suffixes varies from 1 to 5.

To evaluate the quality and effectiveness of
the produced embeddings, we compared them to
the Floret vectors of the pretrained spaCy model
tr_core_news_lg (Altinok, 2023) on morphology
and syntax tasks. We initialized a spaCy model
with our Floret vectors and then trained syntactic

Each dataset exists with their original Turkish name in
our Huggingface repository. We used English translations to
reach a broader audience. Names of the datasets we used are
clean-mC4, Akademik-Makaleler, Akademik-Ozetler, Medikal-
Ozetler and Medikal-Makaleler, respectively.

parser components, including the POS tagger, de-
pendency parser, and morphologizer components,
on the BOUN treebank (Tiirk et al., 2022). Testing
was performed on the test division of this treebank.
The results, shown in Table 2, indicate that our
Floret vectors perform well. It is worth noting
that the spaCy Turkish model used for comparison
were trained approximately one year ago, while
our vectors have been trained on a larger corpus
(mC4) with additional vocabulary. The Academic
Crawl and Medical Crawl datasets are compara-
tively smaller in size and have a more focused and
limited vocabulary. As a consequence, the perfor-
mance of the word vectors trained on these datasets
may appear slightly inferior when compared to the
larger web crawl corpus.

To assess the gender bias encoded in the trained
embeddings, we employed the method introduced
by (Bolukbasi et al., 2016). For each word, we
calculated a gender bias score by computing the
dot product between its vector and the vector rep-
resentation of the concept of "woman" subtracted
by the vector representation of "man." In our ex-
periments, we used the Turkish translations of
"woman" (kadin) and "man" (erkek). A positive
score indicates a closer association with masculin-
ity, while a negative score implies a stronger associ-
ation with femininity. The magnitude of the score
reflects the degree of bias, with higher absolute val-
ues indicating greater bias. A score of 0 indicates
neutrality. Unlike many other studies, our approach
is unsupervised, and we did not employ the Word
Embedding Association Test (WEAT) scores.

4 Results and discussion

In this section, we thoroughly examine each data
genre individually. We first train the Floret word
vectors for each genre and analyze the gender dis-
tribution of the vocabulary. We then provide statis-
tics on the vocabulary based on different syntac-
tic categories. Additionally, we conduct unsuper-
vised clustering separately for each gender using
all the words and explore the topics associated with
each gender, focusing specifically on the web do-
main due to the more diverse range of topics com-
pared to academic and medical papers. Finally,
we delve into the relationship between morphol-
ogy and gender by investigating how word genders
change based on suffixes.
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Model POS acc | Morph acc | Lemma acc. | DEP-UAS | DEP-LAS
tr_core_news_lg 0.90 0.89 0.82 0.73 0.63
tr_gender_web_lg 0.91 0.92 0.86 0.73 0.65
tr_academic_web_lg | 0.75 0.79 0.72 0.65 0.61
tr_biomed_web_lg 0.70 0.75 0.70 0.60 0.60

Table 2: The table displays POS accuracy, morphological analysis accuracy, lemma accuracy, unlabelled attachment
score for dependencies, and labelled attachment score for dependencies. Accuracy scores are calculated by the
spaCy trainer using the test sets. In a spaCy model, each pipeline component assigns relevant attributes (POS tag,
morphological analysis string, lemma, dependency tag, and head in the dependency tree) to tokens. Accuracy for
POS tag, lemma, and morphology is determined by collecting the attributes for each token and comparing them
to the ground truth list. The last two attributes are evaluated at the syntax tree level, assessing the structure of the
dependency tree, correct head, and dependency arcs. UAS measures structure accuracy, while LAS additionally

evaluates the accuracy of dependency labels on each arc.

41 mC4

In this section, we present the results of gender anal-
ysis conducted on the Floret word vectors trained
on the mC4 corpus, which consists of 250K vocab-
ulary words. Figure 1 displays the distribution of
gender within the vocabulary words. The findings
reveal a significant gender bias, providing empir-
ical evidence for the existence of "masculine de-
faults" in these large text corpora (Cheryan and
Markus, 2020). Specifically, 87% of the vocabu-
lary words in our word vectors are associated with
men, while only 13% are associated with women.

We further examine the distribution of gender
bias in syntactic categories. Unfortunately, the situ-
ation remains disheartening as women are severely
underrepresented in certain categories. Verbs, for
instance, predominantly belong to the masculine
category, with only a few "feminine" verbs such as
"stislenmek” (to dress up), "kremlenmek" (to apply
body lotion), "giizellesmek" (to become beautiful),
and "giizellestirmek" (to make someone/something
beautiful) falling into the feminine category. Figure
2 provides a visual representation of this distribu-
tion.

Nouns also exhibit a skewed gender represen-
tation, with the majority of feminine words be-
ing proper nouns, including female names in both
Turkish and other languages (e.g., Fatma, Emine,
Madeline, Anya, Donna, Minerva, Mary). Only a
limited number of nouns are categorized as femi-
nine, such as "tanrica" (goddess), "kralice" (queen),
"imparatorige" (empress), and nouns that are com-
monly associated with femininity in society, such
as "giizellik" (beauty), "makyaj" (make-up), and
"ev" (home), along with their derivations and inflec-
tions. On the other hand, the masculine category
encompasses a wide range of nouns, including ab-

stract nouns, body parts, clothing names, electronic
devices, and everyday objects.

Profession names also display a gender bias,
with feminine professions limited to nurse, mid-
wife, nanny, gymnast, dancer, make-up artist,
florist, fashion designer, model, actress, stylist,
and hairdresser. All other professions, including
academician, professor, doctor, engineer, architect,
journalist, pharmacist, economist, embryologist,
detective, carpenter, tailor, movie director, violin-
ist, cellist, painter, as well as leadership positions
such as governor, boss, director, CTO, and CEO,
are categorized as masculine. Even prominent tech
company names like Google, Facebook, Alibaba,
Aselsan, Havelsan, Roketsan, and TAI are mascu-
line. Additionally, sports names, including volley-
ball and tennis, predominantly fall into the mascu-
line category, despite being commonly played by
women.

Adverbs and adjectives also exhibit a similar
bias, with only a few feminine adverbs and adjec-
tives related to grace and beauty. The masculine
category encompasses a wide range of adjectives
and adverbs, including both positive and negative
meanings. It is worth noting that negative meanings
do not relate to a specific gender, while the mascu-
line category includes both positive and negative
aspects of the same word.

Pronouns, including personal, interrogative, def-
inite, and indefinite pronouns, overwhelmingly
belong to the masculine category. Out of 973
pronouns in the vocabulary, only 11 are cat-
egorized as feminine. For example, "Bunda"
(bu/this locative), "kendime" (kendi/oneself da-
tive), "kendimi" (kendi accusative), "kendinizi"
(kendiniz/oneselves accusative), "kime" (kim/who
dative), "neresi" (nere/where possessive), "nesi"
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(ne/what possessive), "neyin" (ne/what genitive),
"seninle" (sen/you instrumental case), "bunda" (bu
locative), and "bunla" (bu instrumental case). Only
one personal pronoun, "seninle" (with you), falls
into the feminine category. The rest of the personal
pronouns, along with their inflections and all other
pronouns, are categorized as masculine. It is worth
noting that suffixes can change the gender, which
will be explored further in Section 5.

The gender bias in both frequency and syntax is
evident in the results, with the vast majority of vo-
cabulary words are being masculine. Furthermore,
the lack of representation of women extends to all
syntactic categories. Appendix A exhibits some
words with syntax categories from this corpus for
a more detailed view of the vocabulary.

Next, we delve into the clusters formed within
the feminine and masculine word groups. We
utilized the K-means clustering algorithm (Harti-
gan and Wong, 1979) and determined the optimal
number of clusters using The Silhouette method
(Rousseeuw, 1987). Eventually, we identified 6
distinct semantic groups within the feminine words
and 11 within the masculine words, as depicted
in Figure 3. The masculine clusters encompass
various "serious societal matters"”, such as science
and technology, arts and music, business, economy,
and politics. In contrast, the feminine clusters as-
sociated with family, appearance, beauty, lifestyle,
and domesticity reinforce cultural expectations for
women to be "submissive" and "passive". Interest-
ingly, even the arts, typically considered "a soft
and feminine" domain in some cultures (Garlick,
2004), are predominantly represented by masculine
clusters.

It is important to note that our dataset has been
carefully filtered to exclude any obscene content or
sexual profanity. Considering the tableau above, if
such vocabulary words were present, they would
most likely form a feminine cluster.

To comprehend the distribution, attributions, and
findings discussed in the previous paragraphs, un-
derstanding the presence of patriarchy in Turkey
is crucial. Despite formal rules promoting gender
equality, patriarchal beliefs, values, and norms per-
sist. Turkey’s rankings in the Global Gender Gap
Report by the World Economic Forum reflect this,
with positions of 105th out of 115 countries in 2006,
130th out of 153 countries in 2020, and 127th out
of 145 countries in 2024 (below the global average

each year) ©.

While urbanization has led to advancements for
women in Turkish society, it remains a patriarchal
Muslim society where the family holds significant
importance. Research on the strength of patriarchy
focuses on factors such as religion, socio-economic
class, and ethnicity. Empirical analyses, like those
conducted by (Ozdemir-Sarigil and Sarigil, 2021),
reveal the persistence of powerful and widespread
patriarchal values and understandings in Turkish
society. These values are influenced by both ma-
terial and ideational factors. Notably, religiosity
contributes to the reinforcement of patriarchal ten-
dencies, and men exhibit significantly stronger pa-
triarchal values compared to women. Additionally,
patriarchal tendencies tend to increase with age,
indicating generational differences in patriarchal
values.

According to research by the Kadir Has Univer-
sity Women and Family Studies Research Center,
Turkish women face numerous challenges, includ-
ing violence, unemployment, lack of education,
street harassment, family pressure, gender inequal-
ity, and social pressure ’. Studies such as (Ozcan
et al., 2016) and (Guvenc et al., 2014) highlight the
pervasive issue of domestic and intimate partner
violence against women, often resulting in fatal-
ities. Femicide, especially the killing of women
by intimate partners, is also a significant concern
(Cetin, 2015; Eriik¢i Akbag and Karatag, 2024).
The wage gap in the workplace is another concern,
but the safety and protection of women’s lives take
precedence even before discussing economic dis-
parities.

In the context of patriarchy, where men are con-
sidered leaders and women are expected to be sub-
missive and passive, the adjectives "serious soci-
etal," "submissive," "passive," "soft and feminine"
used in the previous paragraphs align. Women are
often relegated to subordinate roles, leaving the
task of shaping society to men. This perspective
reinforces the findings of our research, which sup-
ports sociological work indicating that women face
challenges in Turkey. Our study demonstrates how
deeply ingrained patriarchy is within the culture
and how it influences language as well.

nan

6https://www3.weforum.org/docs/WEF_GGGR_2024.
pdf

"https://gender.khas.edu.tr/en/survey-publi
c-perceptions-gender-roles-and-status-women-tur
key
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Figure 1: Visualization of gender associations in the vocabulary words represented by the 300-dimensional Floret
embeddings. The vectors are reduced to 2 dimensions using the T-SNE algorithm (van der Maaten and Hinton,
2008). The visualization highlights that the online language space predominantly aligns with masculinity rather

than femininity.
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Figure 2: Distribution of syntax categories in the mC4 corpus, depicted as percentages (left). Gender distribution of

vocabulary words within each syntax category (right).

4.2 Academic Crawl

In the following analysis, we examine word vectors
trained on academic papers, with a vocabulary size
of 250,000. We initially anticipated this domain to
be relatively neutral; however, the distribution of
gender associations turned out to be similar to the
web domain. Approximately 12% of the words in
the academic corpus are associated with the female
gender, while the remaining 88% are associated

with the masculinity. Figure 4 presents the corpus
statistics and the distribution of syntax categories
based on gender.

Unlike the web domain, there is a lesser presence
of words related to traditionally "feminine" areas
such as cosmetics and domestic topics. However,
the number of health and science-related words has
increased, resulting in a relatively stable count of
adjectives and adverbs.
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Figure 3: A visual comparison of semantic representations. (left) Femininity: Emphasizing traditional gender roles
of homemaking, focusing on appearance, and limited involvement in professional life. (right) Masculinity: Freedom
to explore various subjects and pursuits including fields of art, science, and professions.
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Figure 4: On the left, the distribution of syntax categories in the Academic Crawl dataset is presented, represented
as percentages. On the right, the gender distribution of vocabulary words within each syntax category is depicted.

Moving on to verbs, there are notable differences
in this domain. The majority of verbs are denom-
inal verbs, which are formed by using a noun as
a copula and transforming it into a verb, such as
"olaydir" (olay + dir) and "degerleridir" (deger +
leri + dir). It is expected to have a significant num-
ber of denominal verbs in this domain, as copular
verbs are commonly used in formal and academic
Turkish writing. Surprisingly, most of the femi-
nine verbs are nominal verbs. The first group com-
prises nouns that are initially gendered as male but
are then inflected with a copula and several other
suffixes to become feminine verbs. The second
group includes feminine nouns that undergo nomi-
nalization and become feminine verbs. We further
analyze gender changes through inflection in the
morphology section (Section 5). Masculine verbs,
on the other hand, remain relatively consistent with
those found in the web domain, representing nor-
mal and common verbs in the Turkish language.

Nouns present a distinct pattern. Around half

of the nouns are associated with the female gen-
der, including certain scientific terms, public health
words, geographical names, and female names.
The other half consists of nouns with masculine
lemmas that become feminine nouns after under-
going suffixation. The addition of certain suffixes,
like the plural suffix, can alter the gender of a mas-
culine lemma. Since academic papers often contain
numerous plural and group nouns, these nouns con-
tribute to the overall count of feminine nouns, com-
pensating for the absence of explicitly "feminine"
words. The types of suffixes that affect gender are
further discussed in Section 5.

As anticipated, the corpus contains various sci-
entific terms such as "adsorpsiyon" (adsorption),
"basing" (pressure), "indiiksiyon" (induction), "for-
millasyon" (formulation), "elastikiyet" (elastic-
ity), "diftizyon" (diffusion), "fauna," "flora," as
well as names of sciences like "kimya" (chem-
istry), "biyokimya" (biochemistry), "psikoloji"
(psychology), and certain philosophical terms like
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"metafizik" (metaphysics), "oryantalizm" (oriental-
ism), "epistemoloji" (epistemology), and "popiil-
izm" (populism). Among these scientific and philo-
sophical terms, some are masculine (e.g., episte-
mology), while some are feminine (e.g., chemistry,
pressure). Appendix B provides a sample of femi-
nine scientific terms, which constitute a consider-
able portion of the corpus.

Overall, the scientific vocabulary, formal nature
of academic writing, and the specific types of suf-
fixation in formal written language contribute to
the inclusion of feminine words in this domain, re-
sulting in gender word counts similar to those in
the web domain. For a comprehensive word list in
the academic domain, please refer to Appendix B.

4.3 Medical Crawl

Due to its smaller size, we opted for an 80,000
vocabulary size for the word vectors in the Medi-
cal Crawl corpus. Figure 5 illustrates the corpus
statistics and the distribution of syntax categories
by gender, which closely resembles the academic
domain (depicted in Figure 4), albeit with a slightly
higher percentage of feminine nouns and adjectives.
One might anticipate a more balanced gender dis-
tribution in this domain; however, the proportions
of feminine and masculine words remain similar to
those in the web domain, with 13% of words are
feminine and 87% are masculine.

The increase in feminine adjectives is primarily
linked to the health vocabulary. Adjectives such
as "medikal" (medical), "jinekolojik" (gynecologi-
cal), "klinik" (clinic), "dermatolojik" (dermatologi-
cal), "kronik" (chronic), and "kardiyak" (cardiac)
predominantly exhibit feminine associations and
are frequently encountered in the medical domain.
Masculine adjectives, on the other hand, consist
mostly of common words in the language, such
as "ritmik" (rthythmic), "mutlu” (happy), "ailevi"
(domestic), "kece" (felt), "yagh" (oily), "radyoak-
tif" (radioactive), "kilolu" (overweight), "glutensiz"
(gluten-free), "manyetik" (magnetic), and "giincel"
(current). However, some medical domain adjec-
tives also exhibit masculinity. Examples of such
words can be found in Appendix C.

Moving on to nouns, as mentioned earlier, nu-
merous medical terms are gendered as female, con-
stituting a significant portion of feminine nouns.
The remaining feminine nouns originate from in-
flected masculine words, similar to the patterns
observed in the academic domain. Further explana-
tion regarding this phenomenon can be found in the

morphology section (Section 5), and a list of such
words is provided in Appendix C. Masculine nouns
mostly consist of common nouns used in written
language.

Regarding verbs, masculine verbs primarily com-
prise common words in the language. Most of the
feminine verbs are nominal verbs, similar to those
in the academic domain, where nouns originally
gendered as male are inflected with a copula to
transform into verbs. A smaller portion of femi-
nine verbs are medical nouns that have undergone
inflection with a copula to become verbs. The per-
centage breakdown of the first and second group
of nouns is 85% and 15%, respectively. Examples
from both groups can be found in Appendix C.

Overall, the results align with those observed
in the academic domain, with the medical domain
exhibiting a greater presence of feminine words to
some extent.

S Morphology and gender

This section of our research is not specific to any
particular domain; instead, we focus on exploring
the role of morphology. Specifically, we investigate
how certain types of suffixes influence the gender
of words. We examine each type of suffix in detail
within this subsection.

As mentioned in previous sections, our choice
to use subword-enriched word vectors is motivated
by a significant factor: we aim to generate repre-
sentations for suffixes as well. In Turkish, a typical
word is composed of morphemes, a lemma, and a
list of suffixes, with each suffix carrying its own
meaning. In this section, we demonstrate the se-
mantic impact of suffixes on the gender dimension.
We discuss various groups of suffixes, providing
further explanations and examples for each group.
For a comprehensive understanding of Turkish mor-
phology and detailed explanations of these suffix
groups, refer to (Karslake, 2021).

5.1 Inflectional suffixes

5.1.1 Nominal suffixes

Number. The plural suffix "-lIAr" has the effect
of changing the gender of some lemmas, predom-
inantly from masculine to feminine. This could
be attributed to femininity often being associated
with a communal sense, family, and cooperation,
resulting in plural nouns being mostly represented
as feminine. However, in some cases, this suf-
fix can transform feminine words into masculine
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Figure 5: The percentages of syntax categories in the Medical Crawl dataset are illustrated on the left. On the right,
the gender distribution of vocabulary words within each syntax category is displayed.

words, although this occurs less frequently. Figure
6 presents the statistics for the usage of the plural
suffix in the three domains mentioned above.

Possession. With these groups of suffixes, we
do not observe any significant gender-altering ef-
fects for singular persons. That is, possessive first,
second, and third person singular suffixes ("-Im",
"-In", "-(s)I'") have minimal impact on the gender
of the word. However, when it comes to plural per-
son suffixes, there is a slight shift. The possessive
first and third person plural suffixes ("-Imlz" and "-
1ArI"), for instance, can transform some masculine
lemmas into feminine words (e.g., "ev+imiz" mean-
ing "our house," "ev+leri" meaning "their house").
This may be attributed to the same communal sense
observed with the plural suffix. On the other hand,
the second person suffix ("-Inlz") within this cate-
gory does not have the same effect.

Case. We did not find any evidence suggesting
that case suffixes are significantly related to gender.
In very rare cases, these suffixes may change the
gender of a word, but for the most part, they do not
have an impact on gender.

ki. The suffix "-ki" serves two functions: when
added to the genitive case of a noun, it forms a
possessive pronoun (e.g., "kedi+nin+ki" meaning
"one belonging to the cat"), and when added to
the locative case of a noun, it creates an attributive
adjectival phrase (e.g., "oda+da+ki vazo" meaning
"the vase in the room"; "On+iiniiz+de+ki" meaning
"the one in front of you"). In the first case, we did
not find any instances of gender change. However,
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in the second case, "-dAki" does rarely alter the
gender of both masculine and feminine lemmas.
Nevertheless, we can conclude that "-ki" is not
significantly related to the gender of a word.

5.1.2 Verbal suffixes

Voice. Causative, passive, reflexive, and recipro-
cal suffixes belong to this group. Except for the
passive voice, we did not find any instances where
verbs changed gender due to these suffixes. We
believe that these suffixes have no significant ef-
fect on verb gender, except for the passive voice.
The passive voice changes masculine verbs into
feminine verbs, but not the other way around. We
attribute this to the societal perception of females
being associated with passive roles.

Negative marker. The negative marker "-mA"
has an impact on verb gender. This suffix alone
can change the gender of a verb (e.g., "liretmek(F)-
tiretmemek(M)," to produce and not to produce),
and when combined with other suffixes, it can also
alter the gender (e.g., "tanimak(M)-tanimamak(M)-
taniyacaksin(M)-tanimayacaksin(F)," to know, not
to know, you’ll know, you won’t know). Most verb
lemmas tend to maintain their gender when only the
negative marker is added, accounting for approxi-
mately 5% of all verbs. However, when multiple
suffixes are added, the possibilities become more
varied, leading to new verb semantics.

Tense/aspect/modality. We did not come across
any cases where verbs changed gender due to these
suffixes.
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Figure 6: Left: Percentage of plural nouns compared to all nouns in each domain. Academic and medical domains
have a higher proportion of plurals due to the text genre. Right: "Feminine/masculine plurals” indicates the
number of plural feminine/masculine nouns. The columns represent the concentration of words with masculine
lemma-+plural suffix and feminine lemma-+plural suffix. Around half of feminine plurals are derived from masculine
lemmas, while masculine plurals are mostly inflected from masculine lemmas.

Personal markers. We did not find any instances
where verbs changed gender due to these suffixes.

Copular markers. Copular markers present a
different scenario. Based on the counts from the
corpora of the three domains, the copula does not
change gender. However, when inflecting a noun
into a verb, several suffixes are typically added to
the noun lemma, and some of them are gender-
changing suffixes, such as the plural suffix (e.g.,
"g6z(M)-gozler(F)-gozlerdir(F)"). As a result, the
gender of the word changes. We observed that in
the academic domain, many feminine verbs are
formed in this manner, as masculine lemmas tend
to shift towards feminine more frequently through
suffixation.

Inflecting a verb from another verb is a
completely different case; this situation can
change the gender (e.g., "aglamak(M)-aglamig(M)-
aglamistir(F)"). We already found out that most
verb lemmas are masculine, and quite a few verbs
in this category are found in academic and med-
ical domains due to the formal written language,
contributing to the count of feminine verbs.

Subordinate suffixes. In this section, we ex-
plore suffixes that convert verbs into nouns, adjec-
tives, and adverbs. Participles (e.g., "yaratmak(M)-
yaratan(M)," to create - creator) and converbs (e.g.,
"gitmek(M)-gider(M)-giderken(M)," to go, goes,
while going) maintain the gender of the lemmas.
However, when it comes to verbal nouns, the situa-
tion is slightly different. Some masculine verb lem-

mas, when suffixed to become a noun, transform
into feminine nouns (e.g., "dokunmak-dokunma,"
to touch - the touch). We attribute this to actions
being masculine, and when a word transitions from
being a verb to being a noun, it loses the concept
of action and becomes feminine.

5.1.3 Derivational suffixes

Derivational suffixes have the potential to shift
the gender of words, although the reasons be-
hind these shifts may not always be semanti-
cally clear. For example, in the triplet denge(M)-
dengesiz(M)-dengesizlik(F) (balance-unbalanced-
instability), the first word is the lemma and is mas-
culine, while the derived forms are masculine and
feminine.

Nominal->nominal derivation. In this category,
masculine lemmas tend to shift towards feminine
words more often than feminine lemmas. However,
in rare cases, feminine lemmas can shift towards
masculine words, as seen in the example saglik
(F)-saglik¢1 (M) (health-healthcare worker), where
a concept transitions into a profession, which is
typically associated with masculinity.

Nominal->verb derivation. Suffixes in this cat-
egory typically shift feminine lemmas to mascu-
line derived forms, as in the example sendika (F)-
sendikalagsma (M) (labor union-unionization). This
shift aligns with the observation that masculinity
are more commonly associated with actions, as dis-
cussed in the previous section. Masculine noun

212



lemmas, on the other hand, do not change gender
and become masculine verbs.

Verb->verb derivation. Suffixes in this category
do not significantly change the gender. Since these
suffixes do not alter the meaning of the verb sub-
stantially, the gender category remains the same.

Verb->nominal derivation. Most suffixes in this
group do not change the gender. However, when a
gender shift occurs, it predominantly affects mascu-
line lemmas. Masculine verb lemmas become fem-
inine nouns, as seen in the example toplanma(M)-
toplant1(F) (to gather-a meeting). This can be ex-
plained by the association of actions with masculin-
ity, so losing the aspect of being an action may
imply becoming feminine.

We have provided examples of each gender-
changing suffix in this section in Appendix D.

6 Conclusion

This paper examines the presence of gender bias
in static word embeddings of the Turkish language.
The findings indicate that gender biases are preva-
lent across various aspects, including word fre-
quency, parts-of-speech, clustered concepts, word
meaning dimensions, and even in the smallest units
of the language, such as suffixes. Overall, the re-
sults reveal a pervasive association of words and
concepts with men rather than women in Turkish
pretrained embeddings. Furthermore, the study
demonstrates how gender associations are differ-
entiated based on parts-of-speech and clusters of
concepts, with women being more associated with
nouns and domestic content, while men are more
associated with "serious matters." These findings
raise concerns about the amplification of gender
biases in Al and society through social, cultural,
and digital mechanisms.
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A Sample Words from the mC4 Dataset

Content Warning: The following word lists con-
tains feminine and masculine words from the mC4
corpus, sorted by syntactic categories. The results
might be triggering.

A.1 Female associated words

Noun aktris, allik, anasi, annesini, agk, bacim,
bakim, bayanlar, bebek, blogger, cicek, c¢icekei,
cocuk, dansci, dansoz, dekorasyon, Donna,
ebeveyn, ev, evlilik, far, feminizm, fondéten, fo-
tografci, giizellik, giil, hanimlar, hastane, hastanel-
erde, hemsire, hamilelik, hali, iletisim, ipekyol,
kadinlarinin, kadinlarimizi, kadinlarin, kadinligini,
Karisi, kizlarin, kleopatra, kralice, kuafor, kuafor,
kiyafet, lale, Ludmila, magazin, makyaj, makyoj,
manken, mankenlik, Mary, moda, modaci, mobilya,
molina, mutfak, 6zbakim, oda, parfiim, podyum,
Prada, Queen, rimel, ruj, saglik, sivilce, stilist,
slipiirge, tanrica, tasarimct, temizlik, tedavi.

Verb asilamak, beklemek, beslenme, bilmeliyiz,
biliyorsun, bosanmak, boyamak, biiyiimek, biiyiit-
mek, ciceklendi, ¢ciceklenmek, dayanigmak, dogan,
dogurdugu, dogurdugum, doguran, dogurmak,
emzirmek, evlenmek, filizlenmek, flortlesme,
giizeldir, haberlerdir, hastalanma, iyilestirme,
kargilagilmaktadir, kadindir, karisidir, oyalamak,
ovalamak, olusturuluyordu, silkeleme, silme,
sliplirme, temizleme, temizlerse, tanrigaydi, yedim,
yemedim, zayifladim, zayiflama, zayiflayamadim.

Adjective beyazli, dosemelik, erotik, esmer,
giizel, kadife, kadifemsi, klinik, kozmetik, kum-
ral, lezbiyen, mavili, narin, sarigin, simsiyabh, sisli,
siislii, yosma, zarif.

Adverb aglarken, dogaclama, dogal, dostca,
giizelce, giizellikle, hamileyken, narince, soldukga,
usulca, zarifce, kiistahga, yazin.

A.2 Male associated words

Noun adaylarini, agabeycigim, Ahmet, Akademi,
akademisyen, aklinizdan, albiimlerinde, Allah,
analiz, araba, arastirmada, artezyen, Aselsan, asker,

214


https://arxiv.org/abs/1607.01759
https://arxiv.org/abs/1607.01759
https://api.semanticscholar.org/CorpusID:220948164
https://api.semanticscholar.org/CorpusID:220948164
https://api.semanticscholar.org/CorpusID:220948164
https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/2402.06196
https://arxiv.org/abs/2402.06196
https://arxiv.org/abs/2309.09400
https://arxiv.org/abs/2309.09400
https://arxiv.org/abs/2309.09400
https://doi.org/10.1080/13608746.2021.1924986
https://doi.org/10.1080/13608746.2021.1924986
https://arxiv.org/abs/1809.02208
https://arxiv.org/abs/1809.02208
https://doi.org/10.18653/v1/2022.gebnlp-1.13
https://doi.org/10.18653/v1/2022.gebnlp-1.13
https://doi.org/10.1007/s10579-021-09558-0
https://doi.org/10.1007/s10579-021-09558-0
https://doi.org/10.1007/s10579-021-09558-0
https://api.semanticscholar.org/CorpusID:5855042
https://arxiv.org/abs/2403.00277
https://arxiv.org/abs/2403.00277

atmosferde, baba, basmiihendis, Belgeselin, be-
lirti, belgeselini, beylerinden, bileklerinin, bil-
gisayar, bilimler, Bursaspor, cami, cemaatine,
CEOQ, Charles, CTO, cavus, cellist, dava, dedektif,
demiryolu, deneyim, destan, devrim, docent, dok-
tor, doktrin, durum, domates, ekonomist, embriy-
olog, erkek, Eskimo, esofman, eczaci, evresi, ezan,
fermenstasyon, gazeteci, gencler, girisimci, gizlil-
igine, hareketlilik, Havelsan, heykelin, Hocamiz,
ihbar, insan, insanlarla, integral, intihar, isim-
lerinden, istatistik, ittifak, iyimserlikten, jeostrateji,
kafatasi, kahramanlar, kalabaliktan, Kanalinin,
Kardeslik, kemanci, kesimlerinde, kapsiilde, kisim-
larda, kizilderilisi, kilise, kongerto, konsollar, koz-
monot, liderinin, lig, macera, marangoz, masrafi,
masraflari, mektuplarini, meslektag, meyvesi, mi-
mar, Mustafa, miifettisligini, miihendis, oglan,
oglum, ogullari, olay, onbagi, Onur, operasyon,
oyun, Peygamber, pilot, planor, profesor, proje,
puma, rakiplerine, referandum, rehberlik, reklam,
rektor, ressam, roket, Roketsan, sanatgi, savasta,
sembol, Sorumluluklarin, soykirimin, subay, sultan,
TAI, tarafimla, tatbikat, teknede, telefon, temas,
terzi, toplantiya, Trevor, uydu, yonetici, yonetmen,
ylizbagt.

Verb acilmak, agmak, ayrilabilir, ayrilirlar, ayril-
mak, bulugsmak, buharlagsmak, déviismek, diisiin-
mek, fokurdamak, gerilmez, goriismek, haczetmek,
hafifsemek, halletmek, hallolmak, hapsetmek,
hapsolmak, hapsirmak, harcamak, hatirlamak,
helallesmek, hortlamak, hosgoérmek, hoslagsmak,
hoykiirmek, hitkkmetmek, hirpalamak, hickirmak,
hisirdamak, 1sirmak, 1sitmak, icmek, ikilemek, il-
erlemek, iletmek, ilismek, imrenmek, inmek, bin-
mek, inanmak, incelmek, incelemek, incinmek, in-
citmek, indirgemek, ineklemek, inildemek, kalk-
mak, kapamak, kapismak, kapanmak, kaydetmek,
kaydolmak, kacigmak, kagmak, kirpmak, konus-
mak, konusturur, niyetlenmek, oturmak, pismek,
savsaklamak, sevinmek, somiirmek, sozlesmek,
sozetmek, sorustur, siiblimles, tartismak, tamam-
lamak, tamamlanmak, tekrarlamak, tingirdamak,
ucmak, uyanmak, uyandirmak, uyumak, uyutmak,
yalvarmak, yakarmak, yerlesmek, yemek, yinele-
mek, zangirdamak.

Adjective absiirt, ahlakli, ahlaksiz, akilli, akilsiz,
alkolik, alternatif, amator, aylak, ayrimsal, barbar,
basamakli, becerikli, belgikali, bencil, bloke, birey-
sel, bilyiik, biitiinsel, capcanli, devrimsel, dik, dik-
ili, dolandirici, dogulu, diisman, egitimli, erigkin,
erkeksi, evrendeki, faydali, faydasiz, gercek, ger-

izekali, glinahsiz, homojen, hirsli, hirssiz, ilging, in-
sanli, insansiz, indirgeyici, ineklemek, indirgemek,
inilmek, kanatli, kanatsiz, keyifli, keyifsiz, kesikls,
kisisel, kokusuz, kral, kii¢iik, kursunsuz, miikem-
mel, miisterek, miisliiman, olgun, opsiyonel, pa-
gan, paralel, pasif, periyodik, pratik, profesyonel,
sahte, sahtekar, sagci, salak, savasci, seckin, strate-
jik, suclu, sugsuz, tertemiz, teorik, yetigkin.

Adverb akillica, algakca, amacsizca, aniden,
apacik, aptalca, aksine, asil, acikca, bastanbaga,
beraberce, bilahare, biisbiitiin, biiyiikce, dikkatlice,
diipediiz, diismanca, diismanca, erkekce, gencken,
garipce, hala, hari¢, hizla, hizli, hizlica, heniiz,
hukuken, ileri, kasten, kazara, kisaca, kisaca,
rahatca, saatlerce, saatlerce, saygisizca, sinsice,
siyaseten, sirf, siirekli, tahminen, tamamen, tersine,
uzaktan, yavas, yavasca, zaten.

B Sample words from Academic Crawl

B.1 Female associated words

The color green is used to visually highlight the
masculine word lemmas within feminine words.
This distinction specifically pertains to the lemmas
within the set of feminine words.

Noun ler, Avrupa, basing, bilgi, Budizm, der-
matoloji, lik, ler, diializm, ekonomi,
embriyoloji, Endokrinoloji, enformasyon, ente-
grasyon, leri, farmakoloji, felsefe, feministlere,
feminizm, Fenomenoloji, lar1, fonksiyonu,

fonksiyon, lar, formasyon, Gastroenteroloji,
gelenegi, meler, hastalik, Hititoloji, Hiiman-
izma, lar, iletisim, Immiinoloji, inang, is-

tatistik, Jinekoloji, Kadinlar, kadinlarimiz, Kanji,
Kardiyoloji, lar, komiinizmi, kriptoloji, liber-
alizm, lirizm, literatiir, Manihaizm, Meiji, mekaniz-
masl, metodolojilerle, Modernizm, motivasyonlari,
Miizikoloji, Natiiralizm, olusumu, si, or-
ganizasyon, organizma, ler, postmodernizm,
psikoloji, Realizm, regresyon, ler, Rusya,
Saglik, simiilasyon, sinizm, larin, Saman-
izmi, tedavi, malari, tiretim, iiriin, ler,
volatilite, Wallis, Whitney, larinin.

Verb aynasidir, bilinmektedir, bilmektedir,

bilmektedirler, bilmekteyiz, bilmekteydiler,

bilmislerdir, bilmistir, ¢ciceklenme, cicektir,
mesidir, dokumalardir, duygularidir, fonksiy-

onudur, gelenegidir, gelmesidir, lesmemistir,
gidalardir, tiir, giizeldi, glizeldir, leridir,
inanclaridir, dirmaktadir, lerdir,
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leridir, koleksiyonudur, kuruluslardir,
kulturlerdir, kiitiiphanesidir, maliyetleridir,
matrisidir, mekanidir, mekanizmadir, mekaniz-
malardir, metinleridir, metodolojidir, mustur,
turabilmektedir, lardir, sanatidir,
sanattir, lardir, tedavidir, tedavisidir,
idir, ilkelerdir, iilkeleridir, iretmektedir,
iretilmistir, tiretimdir, iretmektir, iiretmekteydi,

dir, lardir, sidir, lerdir, yer-
lesimidir, dir, idir, lerdir,
leridir.
Adjective anaerkil, bilgiislemsel, cinsel,
dokuma, elyazmasi, epidemiyolojik, estetik,

farmakolojik, finansal, Kadinsi, logaritmik, liiks,
magazinsel, medikal, rahmani, sismik.

Adverb giizellikle, lesmeyince, siislenip.

B.2 Male associated words

Noun anavatanlarina, arkeoloji, belediyeyi, dog-
matizm, ekoloji, empatiye, emperyalizm, engellil-
erde, evrensellige, egzistansiyalizm, Eyaletler, feo-
dalizm, geometrilerin, giivercinlerin, hademe, hiy-
erarsiden, hisse, hipofiz, imtiyazlara, insandan,
islevselliginde, iskoluna, 1s1yla, kademeleri, Kat-
sayisinin, kesitler, kiralardan, kirislere, Koordi-
nat, kozmogoni, kozmoloji, konstriiktivizm, lev-
halardan, liberalizm, macerasinin, Nevrotiklik,
nepotizm, nesnellige, oosit, oranlilik, organizma,
oryantalizm, ozon, parlamenter, perakendecileri,
prensip, profesoriin, rasyonelizm, rasyonalizminin,
sarkiyat, sarkiyat¢i, sezonlarda, sevingleri, sig-
ortacilifinin, sosyalizm, Stalinizm, Saltanatin,
sembolizm, sembolizm, siibjektivizm, tasitlardan,
teknoloji, tipoloji, totemizm, uzuv, uzamlar, uzam-
lar, yagmurlarinin, Orgiitlerinin, 6ngoriisiiniin.

Verb alikoydu, alinmustir, almaktadir, anlatiy-
ordu, baglaniyordu, bilememektedirler, biliyordum,
bitirdik, bulunmugtur, bulugsmustur, buyurdu,
diyordum, duygu, duydular, durmayacagiz,
durdurulmustur, durulmustu, diizenlememistir,
diizenlenmemektedir, etmistir, gerekmektedir,
gereksinimleridir, getirmemelidir, getirmeyebilir,
gormemigler, gostermektedir, karsilagildi, karsilan-
madi, karsilamaktadir, kaybolmaktadir, kokuyordu,
korkuyordu, kullanilmistir, kurudu, olmamasiydi,
olmustur, olurdum, olusturabilecektir, olustura-
bilirler, olusturulabilmektedir, olusturuluyor,
secilmisti, se¢misti, soylilyordum, saglanamadi,
siddetlendirmistir, siirdiiriiyordu, tanimislardir,
tantyor, ulagsamayiz, ulagtirabilmektedir, iiretiliy-

ordu, iiretiliyor, yapilandirilmaktadir, yapilmistir,
yaratirlar, yayinlanmasidir.

Adjective ahlakli, ahlaksiz, alayli, ayrimsiz,
Babasiz, barbar, bohem, biiyiik, budakli, ¢ekird-
ekli, cetrefilli, ciiretkar, diiriist, dortlii, ekstrem,
eksantrik, ereksel, evreli, geveze, heteroseksiiel, ik-
ili, ikincil, insaniistii, karbonik, karsilikli, kusakli,
kusaksal, kursunsuz, opsiyonel, sagci, secenekli,
seckin, sozlesmesel, sdzlesmesiz, suglu, taahhiitlii,
teist.

Adverb ahlaken, ahlaksizca, akilsizca, apagik,
apansiz, baskilayarak, bilgilendirmeden, bil-
gilendirilerek, bilmeyip, borclanarak, biis-
biitiin, cabucak, cocukken, dokunup, donatip,
diiriistce, ezbere, evrilerek, girerek, giydirerek,
gencken, hoyratga, izletilerek, karsilanmadikea,
kargilagilirken, reddedip, sekillendirip, silkinip,
suclanarak, tamamen, tercihen, usulca, ulagila-
mazken, ulagilinca, vekaleten, yillarca, yaglaninca.

C Sample words from Medical Crawl

C.1 Female associated words

The color green is used to visually highlight the
masculine word lemmas within feminine words.
This distinction specifically pertains to the lemmas
within the set of feminine words.

Noun ler, lar, lar,
lar, lerimizin, lerine, leri,

leri, lar, lar, lartyla,
lar, ler, ler, lanyla, lanyla,
lerinin, lar, lar, leri,
lerin, leri, lerin, akne,

anafilaksi, anemi, anestezi, anesteziyoloji, ajita-
syon, basing, basinci, biyokimya, bulanti, cilt,
dahiliye, dejenerasyon, depresyon, difiizyon,
drenaj, enfeksiyon, enfeksiyon, enjeksiyon,
fizyoloji, fizyoterapi, hastaik, hastaligi, hastane,
hemodiyaliz, hemgire, hemsirelik, hipertansiyon,
hipoglisemi, infertilite, influenza, kardiyoloji,
lupus, maliyet, mamografi, mesane, migren,
miyokard, Obstetrik, poliklinik, psikiyatri, RNA,
sedimantasyon, sintigrafisi, sistem, saglik, saglik,
sagligi, tedavi, tedavi, tedavisi, tip, vitamin, viicut,
yontem, yontemi.

Verb agristydi,  bilgilerdir, dirilir,
bilinmektedir, mamasidir, laridir,
lardir, hastaligi, hastaliklardir, hastaliklaridir,
hastaliktir, hemsirelerdir, histerektomidir, infek-
siyondur, inanc¢lardir, kadind1, kadindir, 1dir,
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laridir, kuruluglardir, kurulustur,

kulturidiir, lardir, dir, maktaydi,
masidir, mustur, turabilmektedir,
turmaktadir, turulamamugtir,
turulmaktadir, turulmasidir, turur,
radyoterapidir, udur, lerdir, teda-

vidir, tedavisiydi, idir,
yontemleridir, yontemlerdir.

1dir, vitamindir,

Adjective klinik, kadin, ana, medikal, disi, fi-
nansal, jinekolojik, farmakolojik, salgin, cinsel, epi-
demiyolojik, kozmetik, estetik, Kardiyak, Kardiy-
ovaskiiler, istatistiki, finanse, memeli, 16semili,
kliniksel, lezbiyen.

Adverb evdeyken, konunca, bilgilendirilip, kas-
ten, inince.

C.2 Male associated words

Noun ameliyat, antiserum, gosterge, idare,
katilimcilar, tiikkenmiglik, atrofi, refleks, sinir, al-
gilama, miilakat, laboratuvarlarina, bilim, sezaryen,
islevsellige, projeksiyon, Histopatolojik, kongre,
hidrolize, vezikiiller, genotip, 6nlem, adaptasyon,
antidepresanlar, yetkinliklerini, Hesaplamalarda,
kombinasyonlari, semptomlardan, kalitim, ser-
atonin, baglami radyolog, kontrendikasyonlar,
aminoasit, rektum, hormon, sterilizasyonun,
lezyon, lokalizasyonunda, rejenerasyon , anamnez,
metastaz, olgularimizdan.

Verb agridir,  komplikasyonlardi,  olustu-
rulabilmektedir,  olusturabilirler,  degisiklik-
leridir, bildirmemistir, yaratirlar, saglanamadi,
gerceklestirebilmektedir, kimyasallardir, rast-
lamamuslardir, bilmiyor, olusturulmalidir,
kaybetmigstir, karsilasmamig, gerceklesebilmek-
tedir, kaybedilmigtir, karsilastik, yitirmektedir,
kiimesidir, olusturmalidirii olusturmustur, olustur-
maktadir, olmaktadir, olmaktaydi, olusturmaktaydi,
olusturabilir, olusabilir, ulasabilmektedir, ulaga-
manmugtir, ulagsmigtir, kaybedebilir, kazanabilir.

Adjective hasta, yiiksek, onemli, anlamli, diisiik,
ortalama, bagl, cerrahi, farkli, istatistiksel, bilyiik,
normal, iligkili, genel, sosyal, ayni, farkli, etk-
ili, pozitif, gerekli, uygun, nadir, siirekli, bilimsel,
ekonomik, sinirli, riskli, fonksiyonel, radyolojik,
miimkiin, kaynakli, kardiyak, biitiin, spesifik, yiik-
seki toplumsal, direncli, alternatif, dis.

Adverb olarak, olup, birlikte, erken, ozel-
likle, sirasinda, kullanilarak, karsi, alinarak, hizli,

bakimindan, edilerek, giderek, yapilarak, uygula-
narak, esnasinda, yalnizca, takiben, ederek, kulla-
narak, araciligiyla, degerlendirilerek, baglamadan,
dayanarak, cabucak, yapmayip, yapmazken, sorun-
suzca, yemeden, akillica, puanlanirken, kullanmak-
tayken, gizlice, gerekmedikce, geciktirilmeden.

D Sample surface forms of
gender-altering suffixes

All the examples are derived from the word vectors
that have been trained on the mC4 corpus.

D.1 Nominal suffixes

Plural suffix -lIAr. dinamikler, gecekondular,
geziler, goriismeler, ihtiyaclar, kitaplar, konular,
miizeler, siirecler, surlar, tapinaklar, tesisler.

Possessive suffixes -Imlz and -lArl. akil-
lar1, aklimiz, bilingaltimiz, bugiiniimiiz, biiro-
muz, cumhuriyetimiz, dergimiz, memleketimiz,
midemiz, odalari, ormanlarimiz, Programimiz, gir-
ketimiz, taleplerimiz, tanitimimiz, tulumlari, yo-
neticimiz.

In the provided examples, the lemmas are exclu-
sively masculine, while the resulting word forms
are exclusively feminine. The red color is used to
indicate the passive voice marker in the examples.

D.2 Verbal suffixes

Passive voice. gitmek-gidilmek, iiretmek-
iiretilmek,  yakaladi-yakalandi,  yakalamak-
yakalanmak, yakalayacaksin-yakalanacaksin.

In the provided examples, the lemmas are exclu-
sively masculine, while the resulting word forms
are exclusively feminine. The red color is used to
indicate the passive voice marker in the examples.

Negative marker -mA. bilmek(F)-bilmek(M),
tanirtm(M)-tanimam(F), tantyacaksin(M)-
tanimayacaksin(F), iiretmek(F)-iiretmemek(M).

The red color is used to indicate the negative
marker in the examples.

Copular markers. aglamak-aglamig-aglamigtir,
bilmek-bilmig-bilmiglerdir, gelmek-gelmis-
gelmistir, gitmek-gitmis-gitmiglerdir, kaybolmakta-
kaybolmaktadir, olugsmus-olusmustur.

In the provided examples, the lemmas are exclu-
sively masculine, while the resulting word forms
are exclusively feminine. Copular markers are in-
dicated with the red color.
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Subordinate suffixes. dokunmak(M)-
dokunma(F), kapamak(M)-kapama(F), uymak(M)-
uyma(F), dolamak(M)-dolama(F).

D.3 Derivational suffixes.

Nominal->nominal. denge(M)-dengesizlik(F),
kimse(M)-kimsesizlik(F), nem(M)-nemlilik(F),
sair(M)-sairlik(F).

Nominal->verb. fena(F)-fenalasmak(M), flu(F)-
flulasmak(M), kadife(F)-kadifelesmek(M)

Verb->nominal bulanmak(M)-bulanti(F),
gormek(M)-gorenek(F), toplanmak(M)-
toplant1(F).
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