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NEPIAHYH

H tmapouca peAéTn TTapouoiddel, To TTPWTO, ATTO 000 YVWPICOUNE, YEYAANG KAIJOKOG
(~14000 TtTapadeiypara), XEIPWVOKTIKA ETTIONUEIWPEVO OUVOAO OeQOMEVWYV YA TNV
avixveuon oeglIoyou oTnv eAANVIKA yAwood, Pe OTOXO TIG Yyuvaikes. To ouUvoAo
OedouEVWV CUAAEXBNKE aTtTO dIAQOPES TTAATPOPUES KOIVWVIKAG BIKTUWONG, OTTwG TO
Twitter (X), To Reddit ka1 To YouTube, kai emonueiwbnke 1600 o€ duadikd £TTITTESO
(O€CIOTIKO, PN O€CIOTIKO) 000 KAl O€ TO AETTTOUEPEG ETTITTEDO, KAAUTITOVTOG OKTW
OIOQOPETIKOUG TUTTOUG OeCIoPOU aAAG Kal Tn OIAKpIon METOEU AUECWV KAl EUPECWV
EKQAVOEWV Oe€IouoU. MpayPaToTToINCaPe PIa OEIPA TTEIPAPATWY XPNOIMOTIOIWVTAG TA
povTéAa avoixtwy Bapwyv Greek BERT, Meltemi kai Kri-Kri, epapuolovTtag 1600 TEXVIKES
fine-tuning 600 kaI TEXVIKEG PBaoiouéveg og prompting. Prompting eQapuooTnKe €1Tiong
ME Ta povTéAa KAeloTwy Bapwyv GPT-3.5 kal GPT-40 péow Twv avriotoixwv APls. OAa
Ta TreipdpaTta d1eEAXOnoav  atToKAEIOTIKA OTO UTTOOUVOAO Twv OedOPEVWYV  TTOU
TTpoépxovTal atrd 10 Twitter. Ta amoteAéopata deixvouv o011 T0 GPT-40, TTApOTI dev
xpnoigotrolei fine-tuning, emiTuyxaver uwnAn emmidoon Kal LeTTepvA OAa Ta UTTOAOITTA
MovTéAa. MeTagu Twv povTéAwv TTou dokiudoTnkav, ekeiva Tou exktraideuTnkav (fine-
tuned) ammédwoav kKoAuTepa atmd TIG avTioToixeg prompt-based ekdOXEG TOUG.
Aloonueiwto eivar 6Tt T0 Kri-Kri, 10 1O TpPdo@aTto Kal PEYOAUTEPO O apIBUd
TTOPANETPWY  €EAANVIKO  povTédo  Eemmépace Ta  umtdAoimma  fine-tuned  povréAa,
EMOEIKVUOVTAG IDIQITEPN QTTOTEAECUATIKOTNTA OTNV QViXveuon oeCiIopuoU oTa €AANVIKA.
QoT1600, O6Aa Ta PovTéAa TTapouciacav OUCKOAIQ OTNV avayvwplion ¢UUECOU oegIopoU,
YEYOVOG TTOU avadelkvUEl TNV €yyevy TTPOKANGCN €EVTOTTIONOU AETITWV KAl EUPECWV
MOPPWYV OEEIOTIKAG PNTOPIKAG KATA TWV YUVAIKWV.

OEMATIKH MNMEPIOXH: Etregepyaoia Puoikng MNwooag

AEZEIX KAEIAIA: Avixveuon Ze€iopou, Emionueiwpévo eAANVIKO 2Z0voAo Aedopévwy,
Fine-tuning, Mabnon pe Prompts



ABSTRACT

This study introduces, to the best of our knowledge, the first large-scale, (~14000
instances) manually annotated dataset for the detection of online sexism in the Greek
language, against women. The dataset was collected from multiple social media
platforms, including Twitter (X), Reddit, and YouTube, and annotated at both a binary
level (sexist vs. non-sexist) and a fine-grained level, capturing eight distinct types of
sexism as well as the distinction between direct and indirect expressions. We conducted
a series of experiments using open-weight models such as Greek BERT, Meltemi, and
Kri-Kri, applying both fine-tuning and prompt-based techniques. Prompt-based
evaluation was also performed using the closed-weight GPT-3.5 and GPT-40 relying on
the respective APls. All experiments were conducted exclusively on the Twitter dataset.
Results show that GPT-40, even without fine-tuning, achieves strong performance and
outperforms the other models overall. Among the models, those that were fine-tuned on
the dataset performed better than their prompt-based counterparts. Notably, Krikri
outperformed the other fine-tuned models, demonstrating strong effectiveness in the
Greek sexism detection task. However, all models showed noticeable difficulty in
detecting indirect sexism, highlighting the inherent challenge of identifying subtle and
implicit expressions of sexism against women.

SUBJECT AREA: Natural Language Processing

KEYWORDS: Sexism Detection, Annotated Greek Dataset, Fine-tuning, Prompt-based
Learning
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A Greek Dataset for the Detection of Online Sexism Against Women

1. INTRODUCTION

Online social media platforms have become central to public discourse, enabling instant
communication and the exchange of ideas across diverse communities. However, this
openness has also intensified the spread of harmful content, including hate speech,
harassment, and gender-based discrimination. Sexism is generally defined as
prejudiced attitudes, discriminatory language, or behaviors based on a person’s gender,
often reflecting and reinforcing stereotypes or power imbalances [1]. It can take many
forms, ranging from direct sexism, which includes explicit insults or derogatory remarks,
to indirect sexism, which is more subtle and often manifests through humor,
stereotypes, or implicit bias. In this study, we specifically address sexism directed
towards women, as this form of online abuse is not only prevalent but also deeply
intertwined with cultural and societal norms. Automatic detection of such content is
essential for promoting safer and more inclusive online environments.

Although significant progress has been made in Natural Language Processing (NLP) for
hate speech detection, [2], [3] sexism detection remains a challenging task due to its
subjective and context-dependent nature [4]. In addition, indirect sexism often relies on
cultural nuances, sarcasm, or implicit bias, making it more difficult to annotate and
classify correctly. A variety of initiatives, such as the EXIST (Sexism ldentification in
Social Networks) [5] shared tasks, have advanced research on sexism detection,
offering multilingual datasets and performance benchmarks. A more detailed review of
related datasets, annotation schemes, and model performance is provided in Section 2.

In addition, while English and other high-resource languages have benefited from the
creation of specialized datasets and benchmarks, [6], [7], [8] to the best of our
knowledge, there is currently no large-scale, publicly available annotated dataset for
sexism detection in Greek. This limits the opportunities for development of models that
can effectively recognize sexist content while accounting for linguistic and cultural
nuances.

The goal of this study is to contribute to sexism detection in the Greek language by
building a reliable annotated dataset and testing the effectiveness of different
transformer-based models in identifying both direct and indirect forms of sexist content.

This study introduces a new dataset for sexism detection in Greek, collected from
multiple social media platforms (Twitter, Reddit, and YouTube) to ensure a variety of
linguistic registers and contexts. The dataset is manually annotated at both a binary
level (sexist vs. non-sexist) and a fine-grained level covering various sexism subtypes
such as objectification, stereotypes, and implicit bias. We evaluate several state-of-the-
art models, including Greek BERT, Meltemi, Krikri, GPT-3.5 and GPT-40, exploring both
fine-tuning and few-shot prompting approaches. We also experimented with data
augmentation techniques, including SMOTE-generated synthetic samples, to examine
their effect on model performance. Our analysis also underscores the difficulty of
detecting indirect sexism and the limitations of models when used without fine-tuning.

The remainder of this thesis is organized as follows. Section 2 reviews related work and
provides background research on sexism detection datasets and models. Section 3
describes the dataset creation process, including data collection and annotation
methodology. Section 4 outlines the experimental setup, covering both fine-tuning and
prompt-based experiments, and presents the results along with an error analysis and a
discussion of the challenges encountered. Finally, Section 5 concludes the study and
suggests future research directions.
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2. BACKGROUND

2.1 Introduction

The detection of sexism has been a subject of study in recent years in the field of
Natural Language Processing and is examined either as a subcategory of toxic speech
[2], [3] or as a separate research area. Classification approaches typically fall into two
main categories: binary classification (sexist vs. not sexist) [5] and multiclass
classification, where data are categorized into more fine-grained categories
representing different types of sexism, such as slurs, stereotypes, objectification etc. [9].
Recent research has emphasized on the subjectivity of these labels and has taken into
account annotator disagreement. For example, both the EXIST 2024 [10] and GermEval
2024 [4] shared tasks used the Learning with Disagreement (LwD) method, which
recognizes that detecting sexism is subjective and different annotators may not always
agree. So, instead of relying on one 'correct' label for evaluation (known as a hard
label), LwD uses soft labels that reflect the probability distribution of the annotations of
multiple annotators. More specifically for systems that provide probabilities for each
class, the probabilities assigned by the system are compared with the probabilities
assigned by a set of human annotators [10]. This approach allows models to learn from
disagreement and better capture nuanced content.

While early research focused primarily on text [11], recent studies have expanded into
multimodal datasets/tasks, including videos and images (e.g., memes) with the aim to
identify sexist content that incorporates verbal and visual elements [12]. Most available
sexism datasets are in English [6], but research has been conducted in several other
languages too such as Spanish [7], German [8], Arabic [13], Chinese [14]; more details
will be provided in the next paragraphs. Regarding Greek, while datasets have been
published to detect toxic speech [15], [16] to the best of our knowledge there is currently
no available dataset focusing exclusively on sexism.

The earliest approaches for sexism detection were based on classifiers such as Support
Vector Machines (SVM), combined with features calculated using pre-trained word
embeddings such as Word2Vec [17]. However, these approaches struggle to capture
the nuances of natural language and the context dependent nature of sexism [18]. As
research progressed, neural architectures, such as CNNs and RNNs along with variants
like GRU, LSTM, and Bi-LSTM, were introduced, demonstrating strong performance in
modeling sequential and contextual aspects of language [6]. LSTMs in particular, as
reported in [18], proved effective in detecting a specific form of sexism; i.e. sexist
statements used at the workplace. This effectiveness is because LSTMs are able to
capture contextual information more effectively than non-deep learning models [19].

In the last few years, encoder-only Transformer-based models such as BERT [20],
DistiBERT [21], RoBERTa [22], DeBERTa [23], have been proved particularly suitable
for tasks such as text classification and sentiment analysis. They have been used
extensively in sexism detection and have obtained better results than other machine
learning methods in classifying and detecting sexism [24]. For example, in several
comparative studies [14], [24], BERT-based models have shown superior performance
to other approaches such as SVMs, CNNs, and BiLSTMs (see previous paragraph),
achieving higher accuracy for two different languages, French [24] and Chinese [14].
Despite their success BERT-based models have shortcomings, particularly in
categorizing subjective content from social media, which often includes implicit forms of
sexism that make accurate classification difficult [25]. In the case of Greek, the release
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of GreekBERT in 2020 [26] has enabled more effective language modeling for Greek,
and it has also been used in studies on toxic speech detection, among others [27].

Encoder-based models such as BERT are primarily designed for text understanding and
have been proven very competitive in various classification tasks. However, recent
advancements in Natural Language Processing have led to the development of more
versatile architectures known as Large Language Models (LLMs). These models
incorporate decoder components, enabling them not only to interpret but also to
generate fluent, human-like text [28]. This generative capability makes them suitable for
applications such as dialogue systems, summarization, translation, and content
generation [29]. LLMs are typically characterized by their massive scale, often
comprising tens to hundreds of billions of parameters, and are pre-trained on vast and
diverse text corpora. Compared to traditional pre-trained language models, LLMs not
only exhibit significantly larger model sizes but also demonstrate better performance in
both language understanding and generation, along with new abilities; e.g., few-shot in-
context learning, as reported in [30]. LLMs have been explored for a variety of tasks,
including toxic and sexism detection, thanks to their strong contextual understanding
and generative capabilities. Below we will present tasks for which LLMs are used for
sexism detection and we make the required comparisons with other types of models in
various scenarios; e.g. fine-tuning, prompting etc.

2.2 GerMS-Detect task

The GerMS-Detect [4] shared task focused on detecting sexist and misogynistic
language in German-language online news comments, with an emphasis on subjective
annotation to capture the subtle and often unclear nature of sexist content. The task
featured two subtasks: Subtask 1 on classifying with prediction of annotator
disagreement, and Subtask 2 on predicting the full distribution of annotator labels. In
terms of results, German-specific models performed best. More specifically, in Subtask
1, the goal was to predict a label for each comment. These labels were based on how
multiple human annotators rated each comment for sexism. The task applied different
strategies to combine the annotators’ ratings, such as whether at least one, all, or the
majority marked a comment as sexist, identifying the most frequently assigned label, or
detecting disagreement among annotators. System performance was evaluated using
the F1 macro score for each of the five label types: bin_maj, bin_one, bin_all, multi_maj,
and disagree_bin. The final score was the average of those five scores. For Subtask 2,
system performance was evaluated using the Jensen Shannon (JS) divergence, which
measures the distance between the predicted and the gold label distributions. The final
score was the average of the JS divergence computed for both the binary and the
multiclass distributions. Both subtasks were organized into two tracks: a closed and an
open track. In the closed track, participants were restricted to use only the provided
training data and models that had not been pre-trained or fine-tuned on sexism-related
tasks. In contrast, the open track allowed the use of external data sources, pre-trained
language models, including large language models like GPT-3.5, and any proprietary
tools or resources.

In Subtask 1, the top-performing systems were developed by the teams THAugs(F1
macro = 0.642) and ficode (F1 macro = 0.641). Both employed ensemble methods
based on gbert-large, a German BERT-based model. Quabynar77 team, which used
gbert-base in the closed track (F1 0.611), also competed in the open track using few-
shot prompting via GPT-3.5 Turbo. GPT-3.5 is a decoder-only LLM (see previous
paragraph) trained on vast amounts of text. However, this approach performed worse,
achieving a lower F1 score of 0.45 compared to their closed-track result. In Subtask 2
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as already mentioned, the goal was to predict the distribution of labels that annotators
would assign to each comment. Each comment had multiple annotations on a 0—4 scale
(representing the severity of sexism), and the task required predicting the percentage of
annotators who would choose each label. Two types of distributions had to be
predicted: a binary distribution, showing the proportion of annotators labeling the
comment as sexist (labels 1—4) versus not sexist (label 0), and a multiclass distribution,
showing the proportion of annotators selecting each severity level (0, 1, 2, 3, or 4). The
evaluation metric for this task was Jensen—Shannon divergence, which measures how
close the predicted distribution is to the actual one. Quabynar77 achieved the best
results in Subtask 2 using a fine-tuned bert-base-german-cased model, while other top
teams had a good performance by combining gbert-large-paraphrase embeddings with
SVM classifiers. Across both subtasks, GPT-3.5-based few-shot learning consistently is
inferior to encoder-only models. Their results suggest that fine-tuned, language specific
BERT models are more effective than zero-shot or few-shot prompting with GPT-3.5 for
the sexism detection task.

2.3 EXIST task

Similarly, in the multilingual EXIST 2024 [18] challenge that includes English and
Spanish social media posts, several LLMs, including the encoder-only RoOBERTa-Large,
DeBERTa-V3-Large, and decoder-only Mistral-7B, were evaluated for sexism detection.
On the combined development set (English + Spanish), Mistral-7B was fine-tuned and
evaluated both as a standalone model and within an ensemble, but it performed worse
than the encoder-only models. Specifically, it achieved an F1 score of 0.859, slightly
lower than RoBERTa’s 0.864 and DeBERTa’s 0.866. The Dual-Transformer Fusion
Network (DTFN), which combines the outputs of RoBERTa and DeBERTa,
outperformed all three with an F1 score of 0.868. This indicates that although Mistral-7B
has more parameters than the BERT-based models, it may be less effective at
identifying sexist content in this task. In the test set results, the Multimodel Fusion
Ensemble (MFE) (which uses a majority voting mechanism) achieved the 1st place out
of 68 systems in the English track, with an F1 score of 0.7610, outperforming the Dual-
Transformer Fusion Network (DTFN), which ranked 2nd (F1=0.7491). In the Spanish
track, performance was lower overall: MFE ranked 12th (F1=0.7898), while DTFN
ranked 25th (F1=0.7710). Finally, in the combined English + Spanish track, MFE
obtained an F1 score of 0.7775 and ranked 4th out of 70, compared to DTFN’s 13th
place (F1=0.7614). These results highlight that MFE consistently outperforms DTFN,
with particularly strong performance in English, while Spanish and cross-lingual
scenarios remain more challenging.

Another study [1] that used EXIST 2024 data examined sexism detection in English and
Spanish tweets, focusing on two key objectives: identifying whether a tweet is sexist
(binary classification) and detecting the underlying source or intent behind sexist
content, categorized as Direct, Reported, or Judgmental. The authors compare two
approaches: fine-tuning the multilingual XLM-RoBERTa model and using few-shot
prompting with GPT-3.5. The results reveal that XLM-RoBERTa consistently
outperformed GPT-3.5 in both tasks, possibly because of the fine-tuning data. For Task
1 (sexism detection), XLM-RoBERTa achieved an F1 score of 0.78, while GPT-3.5
scored 0.71. In Task 2 (source/intention classification), XLM-RoBERTa again led with
an F1 score of 0.48 compared to GPT-3.5’s 0.43. Although GPT-3.5 demonstrated solid
multilingual competence, it underperformed in terms of label consistency and overall
predictive accuracy. These findings confirm that fine-tuned multilingual encoder-only
models like XLM-RoBERTa remain superior to strong decoder-only non fine-tuned
LLMs (like GPT3.5) for targeted classification tasks. While GPT-3.5 offers flexibility and
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direct use in low resource scenarios, it requires more sophisticated example selection
and prompt design to match the performance of dedicated, fine-tuned models.

2.4 EDOS task

The authors of SemEval-2023 Task 10, Explainable Detection of Online Sexism (EDOS)
[9], created a new dataset of 20,000 English social media comments, sourced equally
from Reddit and Gab, each carefully annotated using a three level taxonomy: (1) a
binary label (sexist or not sexist), (2) one of four high level sexism categories, threats,
derogation, animosity, and prejudiced discussion, and (3) one of eleven fine grained
vectors (e.g., dehumanizing attacks, backhanded compliments). This labeling approach
allows not just detection but also explanation of sexist content, enabling models to
justify their predictions.

A very recent study [31] introduced a novel framework for explainable sexism detection
based on Large Language Models (LLMs) enhanced by Reinforcement Learning from
Human Feedback (RLHF). The research focuses on applying two recent open-source
decoder-only LLMs, Mistral-7B and LLaMA-3-8B, to the Explainable Detection of Online
Sexism (EDOS) dataset. The framework incorporates several techniques, including
Supervised Fine-tuning (SFT) using QLoRA for efficient parameter adaptation, and
RLHF using Direct Preference Optimization (DPO) to align model outputs with human
preferences. Additionally, the approach utilizes prompt engineering to guide task-
specific instructions. For Task A, Mistral-7B achieved an F1-macro score of 0.489 in the
zero-shot setting, which improved to 0.822 with supervised finetuning (SFT) and further
to 0.836 when SFT combined with RLHF. LLaMA-3-8B scored 0.508 in zero shot, 0.815
with SFT, and reached 0.860 with the addition of RLHF. The study highlights the strong
impact of finetuning and reinforcement learning from human feedback (RLHF) on
improving the ability of large language models (LLMs) to detect different forms of
sexism, helping to build more explainable systems. The results also show that small
sized LLMs (< 7B) perform poorly in zero-shot settings, meaning they struggle to obtain
satisfactory results without task specific fine-tuning. Adding RLHF further improves
these results by helping the models give clearer and more stable explanations when
identifying sexist content.

Another paper [32] compared various fine-tuned and prompting based models on EDOS
[9]. Encoder-only and decoder-only models were tested using fine-tuning, while
encoder-decoder models were also evaluated using zero-shot and few-shot prompting.
The results showed that, for detecting online sexism, the fine-tuning approach
outperformed context based (few-shot) learning methods which confirms the
conclusions of other studies; e.g. see previous paragraph. Specifically, among decoder-
only models, Zephyr achieved the highest macro F1 score of 86.811, surpassing the
encoder-only DeBERTa (83.913), while Mistral followed closely with a score of 86.041.
In the prompting based experiments, the best performance came from the 5-shot
configuration using Zephyr, which reached a macro F1 score of 70.936%. The fine-
tuned model performed well in identifying both sexist and non-sexist content, showing
no strong bias toward a particular label. In contrast, the context learning (few-shot)
model struggled more with detecting sexist content and tended to overpredict non-sexist
classifications. Further analysis revealed that the context learning approach often
misclassified other forms of hate speech, such as racism, as sexism, leading to false
positives. Additionally, both the fine-tuned and context learning models had difficulty
recognizing figurative or subtle sexist language, which often does not explicitly mention
gender.
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Several other studies [2], [3], [31], [32], [33], [34] have explored the use of LLMs for
automated sexism detection, applying fine-tuning, prompt engineering, and multilingual
analysis across benchmark datasets. Despite variations in used approach, the findings
consistently highlight the limitations of zero shot methods, the effectiveness of
supervised fine-tuning, and the persistent challenges in detecting subtle or figurative
sexist language.
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3. DATASET

3.1 Data Collection

Previous research on toxic and sexist text has primarily relied on data from Twitter
(currently X). Researchers also use data from other social media platforms to better
reflect the diversity of online conversations [9], [35]. For this reason, we created three
separate datasets from Twitter(X), Reddit, and YouTube.

Following the methodology described in [14], [15], tweets were collected covering the
period from 2020 to 2024 based on a lexicon of terms/keywords primarily used to refer
to women, with either offensive or neutral content. In particular, the lexicon includes
slurs that specifically targeting women (e.g., mourdava “whore”), derogatory terms used
to describe women (e.g., pavrau “madam”, yuvaikdaki “little woman”), as well as neutral
terms that refer to women but can be used in either offensive or demeaning ways, either
on their own or within phrases (e.g., kopiror “girl”, yuvaika “woman’”, koudiva “kitchen’,
peuiviotpia “feminist”). In this way, we collected both positive and negative examples.
We also included words in the lexicon that indicate important incidents related to
sexism, such as yuvaikokrovia “femicide” and avépokrovia “androcide”. Finally, we also
added ten female names, 8 politicians who were recently in the news and 2 sexual
abuse victims who shared their experiences publicly. The lexicon included 45 common
nouns and 10 proper names. A total of 81,143 tweets were collected, of which 67,554
contained one of the 45 common nouns, and 13,589 included one of the 9 female
names.

It is important to note that some slurs (e.g., mourdva “whore”) may clearly refer to and
target women in a sexist way. However, in many cases, such words appear within
broader idiomatic expressions where they are not directed at a woman, but are rather
used as generalized expletives (e.g., €yive Tng mouravag, ‘things went completely
nuts”). The presence of such terms does not necessarily indicate sexist content, which
poses a challenge for classification models. For this reason, we intentionally included
such cases in the dataset, in order to train and test the model with hard positive and
negative examples and improve its ability to distinguish between them.

Reddit comments were collected using the Reddit API. Initially, a keyword-based search
was performed using the same terms/lexicon as in the Twitter dataset. However, results
were returned for only some of the keywords, likely due to Reddit not being widely used
in the Greek language, as most users communicate in English. To augment our dataset,
we downloaded content from Greek-language subreddits, 18 in total, resulting in a
dataset of 13,570 comments.

For the YouTube data collection we didn’t use the lexicon, automated scraping was
performed on selected recent videos from podcasts featuring a female host or guest.
Comments were collected from 12 videos, leading to the collection of 10,064 comments.

3.2 Data Cleaning and unbiasing

To ensure the quality and consistency of the data used in this study, a cleaning and
anonymization process was applied. Specifically, we removed duplicates, empty entries,
non-Greek text, comments containing only emoijis or links, as well as those with fewer
than three characters. Then, female proper names were replaced with the placeholder
[WOMAN NAME] to prevent the model from becoming biased toward any specific
name. The Twitter data were originally collected in .json format and later converted to
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.csv files for easier preprocessing and annotation. In contrast, the Reddit and YouTube
data were exported directly in csv format. After the data cleaning/unbiasing process, the
final datasets were as follows: Twitter (X): 49,042 tweets, Reddit: 9,057 comments,
YouTube: 8,897 comments. Next, the data were shuffled and a random subset was
selected for manual annotation. Specifically, 10,090 tweets were randomly selected
from the Twitter dataset, and 2,000 comments each from the Reddit and YouTube
datasets.

3.3 Annotation Schema

Content Warning: The following section includes indicative examples of sexist language, used for the
purpose of classification and analysis.

Before classifying comments as sexist or non-sexist, an initial first level distinction is
made between toxic and non-toxic content (see Figure 2), to allow potential future
research on hate speech. Toxic comments include offensive, aggressive, or demeaning
language that creates a hostile environment, causes emotional harm, or undermines
mental well-being [36]. This may involve insults, threats, or language that encourages
hate or violence. At this stage, the focus is not on whether the content is sexist, but
solely on its toxicity. However, all sexist comments are considered toxic, but not all toxic
comments are sexist, since not all toxic comments contain sexist content.

The second level of annotation involves a binary classification of comments as sexist or
non-sexist. Sexist content is defined as any form of abuse, explicit or implicit, targeted
at women based on their gender or the intersection of gender with other identity traits
(e.g., race, religion) [37]. Only comments targeting women (biologically or socially) are
labeled as sexist. Offensive comments aimed at men, or at women without gender-
based bias, are not labeled as sexist. If it's unclear whether a comment is sexist or
directed at a woman, it is labeled as non-sexist by default. For instance, the phrase
“T'koueves kal puaAakies.. Kauia oag oev aéiCel.. Mméoa twpal!”- Chicks and bullshit...
None of you are worth anything... Seriously now! is labeled as sexist and toxic, as it
contains a gender-specific reference (kdueveg) and expresses generalized hostility
toward women. On the other hand, comments like "*oUpyeAo Tou keparad” may be
labeled as toxic but not sexist, because although they include offensive or demeaning
language, they do not clearly indicate a gender-specific target. If the comment does not
clearly refer to a woman or use gendered language, it is not annotated as sexist.
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Figure 1: Final annotation scheme

Next level of annotation (see Figure 1) introduces a fine-grained taxonomy of sexist
comments, distinguishing eight distinct subcategories of sexist comments. While this
classification is inspired by the hierarchical structure proposed in SemEval-2023 Task
10 [9], it has been carefully adapted to enhance annotation clarity and better capture
subtle and culturally embedded forms of sexism. The SemEval-2023 Task 10 taxonomy
for online sexism detection is structured into four main categories, each further divided
into fine-grained vectors, resulting in a total of 11 distinct sexism types. The first
category, (1) "Threats, plans to harm and incitement”, includes vectors that involve
either direct threats of harm or incitement and encouragement of harm toward women.
The second category, (2) "Derogation," comprises three dimensions: descriptive
attacks, aggressive and emotive attacks, and dehumanizing or sexually objectifying
comments. The third category, (3) "Animosity," captures more implicit forms of sexism
and includes the casual use of gendered slurs and insults, immutable gender
stereotypes, backhanded compliments, and condescending explanations or unwelcome
advice. The fourth category, (4) "Prejudiced Discussion," covers two dimensions:
support for mistreatment of individual women and endorsement of systemic
discrimination against women as a group. We didn’t follow the structure with the four
main categories but instead organized our scheme around the 11 fine-grained vectors,
adjusting and restructuring them.
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Specifically, the two subcategories Threats of harm and Incitement and encouragement
of harm—were merged into our Category SO: “Incitement to violence (physical, sexual,
or other invasive behavior)”. This decision was made because these types of content
are semantically similar and appeared infrequently in our dataset. Similarly, the
subcategories Supporting mistreatment of individual women and Supporting systemic
discrimination against women as a group were merged into our broader Category S5:
“Sexism through Denial, Language that Denies Discrimination, Justifies Gender
Inequality, and Undermines Gender Issues”, as these types of expressions were also
rare.

Several SemEval subcategories have clear counterparts in our taxonomy.
Dehumanising attacks and overt sexual objectification correspond to our S2:
“Objectification and sexualization”, while Backhanded gendered compliments match our
S7: “Benevolent sexism: seemingly positive language or compliments”. Additionally, the
“Aggressive and emotive attacks” subcategory corresponds to our S1: “Insults, offensive
language, and slurs”, as both involve openly derogatory or hostile expressions. We also
merged the subcategories Descriptive attacks and Immutable gender differences and
gender stereotypes into a single category, S3 “Stereotypes”, because both involve
generalizations about women'’s roles, abilities, and traits.

The subcategory Condescending explanations or unwelcome advice maps partially to
our S4: “Diminishing or patronizing comments”, which we expanded to include a
broader range of subtle derogatory remarks, such as those using diminutives that
belittles women without explicit profanity or aggression. This addition was made
because a significant number of such comments appeared in our dataset.

Finally, we placed particular emphasis on sexist jokes, sarcastic remarks, and ironic
expressions. While these often fall under category Immutable gender differences and
stereotypes, which covers stereotypical assumptions and includes sexist jokes, it does
not explicitly address irony or sarcasm. Given the frequency and subtlety of such forms
in our data, we chose to foreground them more clearly in our annotation schema to
better capture masked expressions of sexism.

Next, we present the eight subcategories that make up this fine-grained taxonomy of
sexist comments, each capturing a distinct aspect of sexist discourse:

0.Incitement to violence (physical, sexual, or other invasive behavior)

Category SO refers to incitement to violence, whether physical, sexual, or any other
invasive behavior against women. It includes any comment or action that encourages,
promotes, approves of, or suggests the use of violence or extreme behavior toward
women. This type of language is particularly dangerous, as it can normalize violence
and foster aggressive or abusive behavior. Specifically, it includes threats, insults, or
any form of speech that justifies or legitimizes violence against women. Such
statements or expressions, when directed at women, are identified as incitement to
violence.

Example: “Na ot Biaoouv va npeunoeig!” (You need to be raped to calm down!)
1.Insults, offensive language, and slurs

Category S1 refers to sexist comments that include direct insults, slurs, or abusive
language. This type of language is used to demean or humiliate women through
strongly derogatory or degrading expressions. Comments in this category represent
open and explicit verbal attacks that reflect contempt toward women. Many of these
statements also exhibit elements of misogyny.
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Example: “Ntovovrar oav mopves mAéov o yuvaikes” (Women dress like whores these
days)

2.0bjectification and sexualization

Category S2 includes comments that objectify and sexualize women, disregarding their
personality, abilities, or emotions. The key features of this category are a focus on
women’s bodies or appearance, references to women solely as objects of sexual
gratification, and sexually suggestive remarks, often, though not always, expressed
using vulgar language

Example: “Mouvapad! Eutraiva xwpic dsutepn okéwn” (Total sexpot! I'd do her without a
second thought)

3. Gender stereotypes

Category S3 includes comments that reinforce, reproduce, or refer to gender
stereotypes regarding women’s roles, abilities, characteristics, or behavior. These
comments are based on biases or traditional beliefs that limit women to specific roles or
assign their value according to socially constructed expectations. The stereotypes in
this category may be expressed explicitly or implied indirectly. Regardless of the
speaker’s intention, such comments contribute to the perpetuation of gender inequality.
Stereotypes in this category may concern roles and abilities, behavior and traits,
physical appearance, gendered expectations, and more [38].

Example: “Tic douAciéc Tou ammiTioU TiIC KAvouv KaAUtepa ol yuvaikes” (Women are better
at doing housekeeping chores)

4. Diminishing or patronizing comments (e.g., use of diminutives)

Category S4 includes comments that contain diminishing expressions or insults directed
at women, often through the use of diminutives or subtle implications. Unlike S1, which
involves explicit and direct insults, S4 reflects a more indirect form of disparagement
that may appear “well-intentioned” or “advisory” on the surface. These types of
comments reinforce gender inequalities and undermine women without necessarily
using vulgar language. In addition to demeaning language and diminutives, this
category may also include patronizing remarks that attempt to guide or advise women in
a condescending tone. While S1 involves overt and harsh insults, S4 conveys sexism
more subtly and without explicit obscenity.

z

Example: “To Tountep KopITOAKI ou utTdpxel €0w Kai OEKka xpovia. Agv éekivnoe Twpa.’
(Twitter, my little girl, has been around for ten years. It didn’t just start now.)

5. Sexism through Denial, Language that Denies Discrimination, Justifies
Gender Inequality, and Undermines Gender Issues

Category S5 includes comments that dismiss or undermine the significance of gender-
related issues and the discrimination experienced by women. These comments often
attempt to justify gender inequality by questioning the existence or severity of systemic
oppression, discrimination, or abuse. The language in this category may appear neutral
on the surface, but in reality, it downplays gender-based problems, reinforcing sexism
through denial.

Example: “Kai yiari yuvaikokrovia kai Ox1 avopokrovia ;” (Why femicide and not
androcide?)

6. Sexism Hidden Behind Humor and Irony

Category S6 includes comments that express sexist views in an indirect manner, often
through irony, “humor,” or sarcasm. In such comments, sexism may not be overt or
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explicitly aggressive, but it becomes evident through context, implied attitudes, or a
“humorous” tone. The language used in this category reinforces gender stereotypes and
inequalities while often attempting to avoid being labeled as openly sexist.

Example: “I'arti o1 yuvaikes mavra Exouv 1IC KAAUTEPES 1I0€C; TNoiog EEpel, yiaTi TIC akoUeEl
kaveig;” (Why do women always have the best ideas? Who knows, no one listens to
them anyway.)

7. Benevolent sexism: seemingly positive language or compliments

Category S7 includes comments that appear well-intentioned or positive but actually
reinforce gender stereotypes and confine women to traditional roles or traits. Although
these comments may be perceived as compliments, they are rooted in gender bias and
represent a more subtle form of sexism. Benevolent sexism, while less overtly
aggressive, contributes to the perpetuation of inequality by creating expectations about
how women should behave or what their value is, based on stereotypical assumptions.

Example: “Amé 1n yuvaika mnyalouv 1a KAAUTEPQ, Ta EUYEVEDTEQQ yIaTi UOvo autn EEPEI
va ayarrd, va Quoidlerai, va divel xwpic va {nra.” (From woman springs the best and
the noblest, for only she knows how to love, to sacrifice, and to give without expecting
anything in return.)

The above categories are organized in a scale from most severe, direct, and explicit
(Category 0) to least severe and more implicit forms of sexism (Category 7). This
gradation supports the decision rules used to assign the most appropriate label in
ambiguous cases. Categories 0—2 correspond to direct sexism, while categories 3—7
reflect indirect or subtle sexism. This distinction between direct and indirect sexism is
not made manually by the annotator. Instead, it is applied automatically through an if
function in Excel, once the annotator has selected the specific category label (S0-S7).
For instance, if an annotator labels a sexist comment as belonging to one of the
categories 0-2 (Incitement to violence, Insults/slurs, Obijectification) the system
automatically assigns an additional label indicating direct sexism. Conversely, if a
comment is labeled under categories 3—7 (Stereotypes, Diminishing comments, Sexism
through denial, Humor and irony, Benevolent sexism), it is classified as indirect sexism.

The distinction between direct and indirect sexism is based on the intensity and clarity
of the sexist language or behavior. Direct sexism includes overtly aggressive or
offensive expressions that incite violence, abuse, or sexual degradation of women, such
as threats, slurs and insults, or objectification and sexualization. These comments are
explicit and clearly convey negative attitudes or behaviors toward women. On the other
hand, indirect sexism consists of comments or actions that, while not openly hostile,
perpetuate stereotypes, diminish women, or justify gender inequality in more subtle
ways. These may include stereotypical statements, disrespectful or patronizing remarks,
denial of gender-based discrimination, or irony and humor with underlying sexist
messages. Benevolent sexism, although expressed through seemingly positive
comments about women, often confines them to traditional gender roles and supports a
sexist worldview.[39] Indirect sexism is more difficult to identify, but it remains equally
harmful in reinforcing gender inequalities. A detailed set of annotation guidelines,
including numerous examples, challenging cases, edge dilemmas with resolution
strategies, and step-by-step instructions for annotating directly in Excel, was created to
support the annotation process. The full version is provided in Appendix | and is written
in Greek.

To facilitate annotation, the tweets were organized into a spreadsheet with six columns,
as shown below. This format enabled annotators to apply both binary and fine-grained
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labels, capture comments or uncertainties, and distinguish between direct and indirect
forms of sexism. An excerpt of the annotation interface is presented in the figure.

A B C D E F

1] Tweet [PoLarITY | SEXISM |CATEGORY|COMMENTS TYPE
2 |AVIE yopnoou Lwpr) TIOUTOVE Toxic Sexism 51 Direct
3 |Tkopeved ko pothokiee.. Kopo oag Sev afifsl.. Mmoo twpa! Toxic Sexism 51 Direct
4 |Exw oxovrdwel oTo Spopo yLo va 0oU CLaVTrOw OTO UVU RS puwpr Tiow Toxic Sexism 51 Direct
5 | Xogoorooogpagponrooyce. AcyohnBeite pe Myo pe TLG yuvaikes oo ko adric Non Toxic  Not Sexism

6 |Muotkd opopdidc amd pia pouvvipo Toxic Sexism 52 Direct
7 |Zto 47 Afw 61, oL doPepdtepec kaw o poveg Muvaiksg mou afifouv otny Toxic Sexism 7 Indirect
8 |YUVOILKEG PIaTooL nTay pAK Toxic Mot Sexism

9 |Hvb koropysl spyooiaxd Swanwpora kot o foBpog Tow NG avePdlst ou Toxic Not Sexism

10 |to mudto cow Sev siye Svtoon-To iya oto mute Non Toxic Mot Sexism

11 |Kohnpépa ota kopitola ta dpopda av Seite kappio pe Mhd poddi ayka Toxic Sexism 56 Indirect
12 |Ntpomn Muwpn natoafoupa. Toxic Sexism 51 Direct
13 [Opa va ypihw kdm cofapo dikol pou. MHN aveyeote amd kavevay MI Toxic Mot Sexism

14 |OL kaAOTEpOL CUPOOL EVAVTLO OTO Kpuodynpa, kpUfovtol otny kouli Non Toxic  Not Sexism

15 |Mehetn yua v avdmuén e Kothdbog Twy TEUWY gyLvs; Non Toxic Mot Sexism

16 |P= momdpo Ba yivews dvBpwioc; Kol moUToo ko duhakr ot kdBe Mewpy Toxic Not Sexism

17 |Ing 28.5.1952 Ouyuvaikeg amoktolv Suwaiwpa ekAEyewy ko ekhéysoBa Non Toxic  Not Sexism
18 |To Behw vo déw yuo oevo AT slvo kohr) oTdka Lo TEoLpo Non Toxic Mot Sexism
15 |H popd tng ITdhhag adplo o mpwi tnhedwvikr) otnv Kotepiva Kawolp Non Toxic  Not Sexism
20 |Mayelpelw oTr KouTivo KoL e TO TIoU SLpcL ETOLHOE Vot KAV To TTEToyT Non Toxic  Not Sexism
21 |OLypLég oL mouTdveg Exouv To Joupd Toxic Sexism 51 Direct

Figure 2: Interface Used for Manual Annotation

3.4 Annotation Agreement

The annotation guidelines were given to three female annotators for review along with a
set of 50 tweets selected for a pilot annotation round. Each annotator labeled the tweets
individually, without any communication with the others. Once the task was completed,
the results were discussed collectively and the final set of guidelines was formed.

Subsequently, 1,000 tweets were selected from the Twitter dataset and assigned to the
three annotators for annotation. During this phase, annotators were not allowed to
communicate with each other but could flag comments they wished to discuss after the
annotation process.

The annotation results were compiled into two separate files: one file containing the
results of the binary classification (sexist / non-sexist) and another file containing the
results of the multiclass classification (8 sexism subcategories).

Cohen’s Kappa was calculated in both cases to evaluate inter-annotator agreement.
The measurement was conducted separately for the binary and the multiclass
classifications, offering valuable insights into the reliability of the annotations.

Cohen’s Kappa is a statistical measure used to evaluate the level of agreement
between two annotators when categorizing data into predefined categories. Its
advantage is that it accounts for agreement that may occur by chance, thereby
correcting for random coincidence. It assesses how much better the annotators agree
than what would be expected by chance alone. The value of Cohen’s Kappa ranges
from -1 (complete disagreement) to 1 (perfect agreement), with 0 indicating agreement
equivalent to what would be expected by random chance. The formula for Cohen’s
Kappa is:

o R:’
1- P

[

K =

where:
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e Po: The observed agreement between annotators.
e Pe: The expected agreement by chance.

This measure corrects for chance agreement and is widely used to assess inter-
annotator reliability in categorical data. Kappa values below 0 indicate no agreement,
values between 0.41 and 0.60 reflect moderate agreement, 0.61 to 0.80 indicate good
agreement (aka substantial agreement), and values above 0.80 represent almost
perfect agreement.

For the binary classification task (Sexist/Non-Sexist), Cohen’s Kappa indicated a high
level of agreement among annotators, suggesting strong consistency in the
categorization of tweets into these two classes. Any disagreements were reviewed after
the annotation process, and clarifications were added to the guidelines to improve the
interpretation of cases that led to disagreement.

Table 1: Cohen’s Kappa Scores Between Annotators for Binary Classification

Annotator 1 & 2 0.912
Annotator 1 & 3 0.940
Annotator 2 & 3 0.863

For the multiclass classification task (SO to S7), Cohen’s Kappa scores were lower
compared to the binary classification, as expected due to the larger number of
categories and the complexity of the classification process. More disagreements were
observed in categories that were more subjective or had conceptual ambiguity; these
categories as expected belong to the broader class of indirect sexism which is more
implicit. In particular, 'S3: Stereotypes' and 'S6: Irony/Humor' had the highest
disagreement rates. Despite this, the dataset was considered sufficiently reliable, as the
overall Kappa scores remained high, i.e. above 0.8 indicating strong inter-annotator
agreement.

Table 2: Cohen’s Kappa Scores Between Annotators for Multiclass Classification

Annotator 1 & 2 0.861
Annotator 1 & 3 0.898
Annotator 2 & 3 0.828

To determine the final label for both the binary and multiclass classification tasks, a
structured approach was followed to resolve disagreements. In cases of unanimous
agreement among annotators, the shared label was directly accepted as final. When at
least two annotators agreed on a label, that majority label was adopted. However, in
instances of complete disagreement, where all three annotators selected different
labels, an expert was consulted to assign the final label. Additionally, revisions were
made to the annotation guidelines to reduce ambiguity and improve annotator
consistency.
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The 1,000 tweets that were annotated with the highest possible consistency were used
as a reference for guiding the annotation of the remaining datasets, which were labeled
by a single annotator.

3.5 Results of Annotation

The Twitter dataset contained 49,042 tweets, of which 10,090 were manually annotated.
After removing instances labeled as “other” (not belonging to the predefined set of
categories) or identified as errors, a final set of 10,000 tweets was kept; see Table 3
below. The Reddit dataset included 9,057 comments, with 2,000 manually annotated;
following the removal of “other” labels and error entries, 1,973 comments remained. The
YouTube dataset comprised 8,897 comments, 2,000 of which were manually annotated,
resulting in a final set of 1,977 comments after similar filtering.

Table 3: Statistics on the gathered data

Category Twitter Reddit YouTube
Total Comments 49,042 9,057 8,897
Manually Annotated 10,090 2,000 2,000
Valid  Annotated-Final | 10,000 1,973 1,977
Dataset

The comparative results for Twitter, Reddit, and YouTube, highlight meaningful
similarities and differences in the frequency and expression of sexist content across the
three social media platforms. First all datasets were imbalanced in terms of sexist vs.
non-sexist content with non-sexist being the prevalent category(Table 5). This reflects
real-world conditions and aligns with the distribution found in other datasets, for
example, for EDOS it is reported a ~24% of sexist comments [4]. Twitter, which is the
largest dataset in this study, exhibited the highest percentage (see Table 4) of toxic
(27.72%) and sexist comments (21.87%), while Reddit showed the lowest proportions in
both categories; 14.05 % toxic,13.63 % sexist (See Table 3).

Table 4: Distribution of Toxic/Nontoxic Across Platforms

Twitter Reddit YouTube
Nontoxic 7,203 (71.38%) 1,683 (84.15%) | 1,546 (77.3%)
Toxic 2,797 (27.72%) 290(14.05%) 431(21,55%)

Table 5: Distribution of Sexist/Non-Sexist Across Platforms

Twitter Reddit YouTube
Non-Sexist | 7,813 (78.13%) 1,704 (86.36%) | 1,663 (84.11%)
Sexist 2187 (21.87%) 269 (13.63%) 314 (15.88%)
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Across all three platforms (Table 6), both benevolent sexism and incitement to violence
were the least frequently observed categories. On Twitter, the majority of sexist
comments fell into categories S1 (insults and slurs), S2 (objectification/sexualization),
S3 (stereotypes), and S6 (humor and irony). YouTube showed a similar pattern, with the
highest frequencies in categories S1, S2, S3, and S4 (diminishing or patronizing
comments), indicating a slightly different distribution of sexist expression. Reddit
presents a different distribution pattern, with around 50% of sexist comments falling
under gender stereotypes (S3). Additionally, a significant portion of comments are
categorized as sexism through denial (S5), suggesting that more implicit and indirect
forms of sexist discourse are prevalent on this platform.

Table 6: Distribution per category Across Platforms

Twitter Reddit YouTube

S_0: Incitement to violence 29 (1.32%) | 2 (0.74%) | 1 (0.31%)

S _1: Insults and slurs 494 27 97 (30.89%)
(22.58%) | (10.03%)

S 2: Objectification | 450 26 56 (17.83%)

sexualization (20.57%) (9.66%)

S_3: Stereotypes 480 135 63 (20.06%)
(21.94%) | (50.18%)

S_4: Diminishing comments 281 15 66 (21.09%)
(12.84%) | (5.57%)

S_5: Sexism through denial 104 52 19 (6.05%)
(4.75%) (19.33%)

S_6: Humor and irony 311 9 11 (3.50%)
(14.22%) | (3.34%)

S_7: Benevolent sexism 38 &) 1(0.31%)
(1.73%) (1.11%)

This pattern is also reflected in the distribution of direct versus indirect sexism (Table 7).
While indirect sexism is more frequent across all three platforms, the difference is
relatively small on Twitter and YouTube. In contrast, on Reddit, approximately 80% of
the sexist comments are categorized as indirect sexism. This is likely due to the high
presence of stereotype-related content (S3). YouTube, although its overall percentage
of sexist comments (15.88%) was lower than Twitter, it had the highest proportion of
direct sexism (49.04%) among the three. Insults and slurs (30.89%) and objectification
(17.83%) were particularly prevalent.

Table 7: Distribution of Direct/Indirect Comments Across Platforms

Twitter Reddit YouTube
Direct Sexism 973 (44.49%) 55 (20.44%) 154 (49.04%)
Indirect Sexism | 1214 (55.50%) 214 (79.55%) 160 (50.95%)
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Overall, the results show that the type and intensity of sexist language differ across
platforms. Twitter includes a wide range of sexist comments, Reddit has more subtle
and indirect sexism, while YouTube shows more direct objectification and offensive
language. These differences highlight the need for platform-specific methods in
detecting sexism, making sure to capture both clear insults and more hidden or
disguised forms of bias. In the table below, all the actual counts and percentages are
presented for each dataset and for each category individually.

3.6 Contribution of the Dataset

To the best of our knowledge, this dataset represents the first large-scale, manually
annotated dataset for sexism in Greek, collected from three different platforms, Twitter,
Reddit, and YouTube, to ensure linguistic and contextual diversity. A multi-level
annotation schema was adopted, combining binary and fine-grained multiclass labels,
including innovative categories such as benevolent sexism and sexism through denial.
The annotation was based on detailed guidelines and evaluated through inter-annotator
agreement. Three distinct annotated datasets were created: a large Twitter dataset
containing 10,000 annotated tweets, and two smaller datasets from Reddit and
YouTube, each with 2,000 annotated comments. The resulting dataset aims to support
future research in Greek NLP and the automatic detection and analysis of sexist
language, capturing a wide range of expressions and nuances of sexist online
discourse.
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4. EXPERIMENTS

4.1 Experimental Setup

All experiments were conducted using Google Colab Pro with access to GPU
acceleration, providing sufficient computational resources for both training and
inference. The experiments were conducted exclusively on the Twitter dataset, focusing
only on the binary classification task; sexist vs. non-sexist. The final dataset consisted
of 10,000 annotated tweets, split into 80% for training, 10% for validation, and 10% for
testing, specifically, 8,000 training examples (6,250 non-sexist and 1,750 sexist), 1,000
for validation (781 non-sexist and 219 sexist), and 1,000 for testing (781 non-sexist and
219 sexist). The split was performed using stratified sampling to preserve the original
label distribution across all subsets.

4.2 Models used in our experiments

4.2.1 Greek BERT

One of the models used in this study is Greek BERT [26], an open-source model
(nlpaueb/bert-base-greek-uncased-v1), developed by the Athens University of
Economics and Business (AUEB) NLP group. It follows the BERT-Base uncased
architecture, which is an encoder-only transformer model consisting of 12 transformer
encoder layers, 12 attention heads, and approximately 110 million parameters. The
model was pre-trained on a 29 GB Greek corpus that includes (a) the Greek part of
Wikipedia, (b) The Greek part of European Parliament Proceedings Parallel Corpus,
and (c) the Greek section of OSCAR, a cleaned version of Common Crawl. The
vocabulary of the model consists of 35,000 subword units and it was created using the
SentencePiece tokenizer with byte pair encoding (BPE). The model is publicly available
through the Hugging Face Model Hub'.

4.2.2 Meltemi

Another model evaluated in this study is Meltemi-7B-Instruct, (ilsp/Meltemi-7B-Instruct-
v1.5) which is developed by the Institute for Language and Speech Processing (ILSP)
part of the Athena Research & Innovation Center.? It is based on the Mistral-7B
architecture and features a context window of 8192 tokens. The model has 7 billion
parameters and follows a decoder-only architecture, making it suitable for generation
tasks such as instruction-following and conversational responses. Its foundational
version, Meltemi-7B-v1, was pre-trained on approximately 40 billion tokens, including
28.5 billion in Greek, 10.5 billion in English, and 0.6 billion from Greek-English parallel
corpora. Instruction tuning for the Instruct version was performed using around 100,000
Greek instruction-response pairs, compiled from translated open datasets
(Open-Platypus, Evol-Instruct, Capybara) and manually curated multi-turn examples.
The model's tokenizer is an extended version of the original Mistral tokenizer, enriched

Thttps://huggingface.co/nlpaueb/bert-base-greek-uncased-v1

2https://medium.com/institute—for—lanquaqe—and—speech—processinq/meltemi—a—larqe—lanquaqe—model—for—
areek-9f5ef1d4a10f
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with Greek vocabulary. Meltemi-7B-Instruct is open source, licensed under Apache 2.0,
and available on the Hugging Face Model Hub?.

4.2.3 Kirikri

Llama-Krikri-8B-Instruct (ilsp/Llama-Krikri-8B-Instruct), also used in this study, is a
decoder-only transformer model developed again by ILSP/Athena RIC, built upon
Meta’'s LLaMA 3.1-8B architecture. It features approximately 8 billion parameters,
supports a 128,000-token context window, and is open-source via the Hugging Face
Model Hub*. The model was pre-trained on an extensive 91 billion-token multilingual
corpus, including 56.7 billion Greek tokens, 21 billion English tokens, 5.5 billion parallel
text pairs, and 7.8 billion code/math tokens. Subsequently, it underwent multi-stage
instruction-tuning and alignment using over 1.4 million instruction-response pairs and
preference data to support robust conversation and reasoning capabilities The tokenizer
includes an extended Greek vocabulary (as Meltemi), ensuring efficient tokenization
and speed without breaking Greek words into characters. Evaluation across several
benchmarks indicates that Krikri outperforms larger commercial LLMs in Greek
understanding, generation, and code tasks [40].

4.2.4 GPT-3.5-turbo

The evaluation also included GPT-3.5-turbo, a closed-source, decoder-only language
model developed by OpenAl, accessible via the OpenAl API. While specific
architectural details and parameter counts have not been officially released, estimates
suggest the model contains between 20 and 40 billion parameters. It is optimized for
instruction following, prompt-based inference, and multi-turn dialogue. As a proprietary
model, it does not allow local deployment or training, and its training data and
architecture remain undisclosed. Although GPT-3.5 demonstrates improvements in
instruction following and generation quality, its performance does not consistently
surpass that of the GPT-3 series across all tasks, particularly in areas requiring complex
reasoning; e.g., Machine Reading Comprehension [41].

4.2.5 GPT-40

Finally, this study employed GPT-40, the latest publicly available multimodal, decoder
only, large language model of OpenAl which was released in May 2024. As a closed-
source model, it is accessible only via a web API, and no free fine-tuning or local
deployment is currently supported. OpenAl has not disclosed the number of parameters
or full training details. The suffix “0” in GPT-40 stands for “omni,” indicating its ability to
natively process text, vision, and audio inputs. GPT-40 is reported to be significantly
faster, and more affordable than GPT-4, while offering comparable or improved
performance across many benchmarks®.

3 https://huggingface.co/ilsp/Meltemi-7B-Instruct-v1.5

4 https://huggingface.co/ilsp/Llama-Krikri-8B-Instruct

5 https://openai.com/index/hello-gpt-40/?utm_source=chatgpt.com
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4.3 Approaches

4.3.1 Fine-tuning

The first approach we used was fine-tuning. Fine-tuning refers to the process of
adapting a pre-trained language model to a specific downstream task by continuing
training on labeled, task-specific data. In this study, we fine-tuned both encoder-only
and decoder-based models on a binary classification task aimed at detecting sexist
versus non-sexist content in Greek tweets. This approach was applied to three freely
available models described above: Greek BERT, Meltemi-7B-Instruct, and Llama-Krikri-
8B-Instruct. All of them were fine-tuned on the same annotated Twitter dataset to
ensure fair comparison. As already mentioned, we used stratified data splitting to
preserve label distribution across training, validation, and test sets. To ensure
reproducibility, we used a fixed random state value of 42 for dataset splitting and other
randomized operations (e.g., shuffling), so that data partitions remained identical across
runs.

4.3.1.1 Greek BERT fine tuning

We experimented with four variations of fine-tuning the Greek BERT model to evaluate
its effectiveness in detecting sexist content:

e BERT fine-tuning: It was fine-tuned on the Twitter dataset using the standard
cross-entropy loss function, without incorporating any weighting to compensate
for class imbalance. The BERT encoder is followed by a dense classification
layer with a softmax activation. The model was trained using AdamW with a
batch size of 8, a learning rate of 1e-5, and the weight decay set to 0.01. Training
ran for a maximum of 10 epochs, with early stopping enabled to reduce the risk
of overfitting. Tokenization was performed using the Greek BERT tokenizer with
a maximum sequence length of 256 tokens. This setup served as a baseline
model for comparison.

e BERT fine-tuning with weighted loss: To address the imbalance between sexist
and non-sexist tweets, we applied class weights to the loss function. Class
weights were computed based on the inverse frequency of each class in the
training set, assigning higher importance to the underrepresented class (sexist).
The model architecture remained the same, consisting of the BERT encoder
followed by a dense classification layer with a softmax activation. Training was
conducted with a batch size of 8, learning rate of 1e-5, and the AdamW optimizer
with weight decay set to 0.01. Again the model was trained for up to 10 epochs,
with early stopping enabled to avoid overfitting. The tokenizer from the Greek
BERT model was used, with a maximum sequence length of 256 tokens.

e BERT fine-tuning with additional synthetic data. To manage class imbalance at
the data level, we also applied SMOTE [42] (Synthetic Minority Over-sampling
Technique), a classic oversampling algorithm that generates synthetic instances
of the minority class. Unlike naive oversampling, which simply duplicates existing
examples and may lead to overfitting, SMOTE creates new samples by
interpolating between existing minority-class examples in the feature space.
Specifically, for each minority-class instance, the algorithm selects one or more
of its k-nearest neighbors in the feature space and generates a new synthetic
example by interpolating between the original instance and a neighbor — that is,

P. Mantziou 31



A Greek Dataset for the Detection of Online Sexism Against Women

by creating a new point somewhere between them in the feature space. To
ensure the relevance and appropriateness of the synthetic data, we applied an
automatic filtering step using the same lexicon that had been employed during
the initial data collection process. Each synthetic tweet was retained only if it
contained at least one keyword from this lexicon. After this automated filtering
and subsequent manual inspection for quality control, a total of 2,936 synthetic
sexist tweets were retained for use. We explored the effect of different levels of
augmentation on model performance by creating three experimental setups: (a)
in the first setup, we added one-third of the SMOTE-generated examples to the
training set, (b) on the second, we added two-thirds of the synthetic data and (3)
in the third, we included all 2,936 synthetic examples. Each version was
evaluated to observe whether increasing synthetic data would improve the
model’s ability to detect sexist content or lead to overfitting or noise-induced
degradation. In all cases, the base model architecture and training configuration
remained the same; i.e., standard cross-entropy loss function was used without
class weighting.

e BERT partial fine-tuning (frozen BERT layers): We experimented with freezing
all or part of the pretrained BERT layers, allowing only the classification head to
be trained, class weighting was not applied [43]. This approach reduces
computational cost and tests whether the pretrained representations are
sufficient without full fine-tuning. In this variation, we explored the effect of
freezing the pretrained BERT encoder layers, allowing only the final classification
head to be updated during training. Freezing was implemented by disabling
gradient updates for all BERT parameters, keeping only the classification layer
on top trainable. The rest of the training setup remained consistent with previous
experiments; i.e., no class weighting. This experiment aimed to evaluate whether
lightweight fine-tuning could still achieve competitive performance, especially in
resource constrained settings where full model training is impractical.

4.3.1.2 Meltemi fine-tuning

To fine-tune Meltemi-7B-Instruct, the Twitter dataset was first reformatted into a chat-
style structure, where each example was represented as a sequence of system, user,
and assistant messages. The assistant’'s response corresponded to the target label
("oe€loTIKG" or "Ox1 oegloTIKG" i.e. sexist/non-sexist). Fine-tuning Meltemi required an
efficient procedure due to the model's large number of parameters and the limited
hardware resources of Google Colab. The issue was addressed using parameter-
efficient fine-tuning (PEFT) with Low-Rank Adaptation, a.k.a LoRA [44]. Specifically, the
model was loaded with 4-bit quantization using BitsAndBytes (nf4 quantization and
float16 computation), and LoRA was applied to the q_proj and v_proj layers with
parameters r=8 and lora_alpha=16. The training pipeline used the Hugging Face
transformers library and trl.SFTTrainer. Tokenization was handled using the model’s
AutoTokenizer, setting the padding token equal to the end-of-sequence (EOS) token.
Fine-tuning was done on the training part of our dataset, we used the AdamW optimizer,
a maximum sequence length of 256 tokens, and lasted for 5 epochs with small batch
sizes and gradient accumulation due to memory constraints. Predictions on the
validation and test sets were generated using the model’'s generate() function with
deterministic decoding (do_sample=False). The outputs were then post-processed and
were turned into binary labels for evaluation. Training via LoRA and quantization
significantly reduced both memory usage and runtime, making the fine-tuning of
Meltemi feasible in a low-resource environment.
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4.3.1.3 KiriKri fine-tuning

To fine-tune the Llama-Krikri-8B-Instruct model, the Twitter dataset was also
reformatted into an instruction-based chat format aligned with the model's
conversational architecture. Each example was structured as a sequence of system,
user, and assistant messages, where the assistant's reply represented the ground-truth
label in Greek (e.g., "Nai, 10 tweet civar oe€loTIKO." or "Oxi, 10 tweet dev eival
0€egloTIKO."). As in the case of Meltemi parameter-efficient fine-tuning (PEFT) was
performed using LORA, with low-rank adapters (r=8, lora_alpha=16) inserted into the
g_proj and v_proj layers. The model was quantized to 4-bit precision using
BitsAndBytes (nf4 quantization with float16 computation), enabling training on limited
hardware such as Google Colab. The tokenizer from the original model was used with
the padding token set to the end-of-sequence (EOS) token, and the maximum input
length was capped at 256 tokens. Fine-tuning was conducted using the SFTTrainer
class from the trl library, with 5 training epochs and the AdamW optimizer. For
inference, predictions on the validation and test sets were generated using the model’s
generate() function with greedy decoding, i.e., do_sample=False. The responses
generated were post-processed into binary labels and evaluated using standard
classification metrics.

4.3.2 In-Context learning

The second approach explored in this study was In-Context Learning (ICL), also
referred to as prompt-based learning. This method relies on the use of prompts to guide
pre-trained language models toward producing task-relevant outputs without any fine-
tuning. Specifically, we conducted a series of zero-shot and few-shot experiments,
using prompts that varied in size: 0, 2, 4, 6, and 8 labeled examples (shots). These
prompts were designed to demonstrate the desired task behavior (i.e., distinguishing
sexist from non-sexist content in Greek) and were formatted consistently across all
models tested. The complete set of prompts used is provided in Appendix Ill. The same
prompts were applied to all models to ensure comparability of results. The models
evaluated using this method were: Meltemi-7B-Instruct, Llama-Krikri-8B-Instruct, GPT-
3.5-turbo, and GPT-40. Since no fine-tuning was performed, the used model relied
entirely on the quality of the prompts and its ability to interpret them. In the zero-shot
setting, where only a task description was provided without examples, models were
generally able to correctly identify explicit forms of sexism, such as overt abuse or direct
slurs, as preliminary experiments revealed. However, they frequently misclassified two
particular types of inputs: (1) non-sexist comments containing offensive or aggressive
language, which were wrongly labeled as sexist, and (2) indirectly sexist comments
lacking abusive vocabulary, such as those expressing gender stereotypes, or sexist
humor. To address these weaknesses, representative examples of both types were
intentionally included in the few-shot prompts: (a) non-sexist utterances with toxic or
insulting tone, and (b) sexist comments expressed in subtle or implicit ways. These
additions were made through iterative experimentation using tweets from the training
set, selected to be diverse and illustrative of the task's nuanced nature. Evaluation was
initially performed on the 1,000-example validation set, followed by testing on the held-
out test set, also consisting of 1,000 tweets.

4.3.2.1 Meltemi and Kri-Kri Prompting

For the in-context learning experiments, both the Meltemi-7B-Instruct-v1.5 and Llama-
KriKri-8B-Instruct models were loaded using 4-bit quantization via the BitsAndBytes
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library to ensure memory efficiency, particularly within the Colab environment. In both
cases, the classification task was framed as a structured dialogue in Greek, using a
system prompt that defined the model’s role (as a sexism detector) and presented each
tweet for evaluation. A short definition of sexism was provided, and the prompt
constrained the model's response to one of two valid options: “Nai, To tweet civai
o0e€loTIKG.” or “Ox1, 10 tweet dev eival 0e€loTIKG.” Prompt formatting and tokenization
were handled using Hugging Face’s chat_template and apply_chat_template methods.
Inference was performed using the generate() function with greedy decoding
(do_sample=False), and the model’s responses were post-processed into binary labels
(“oeCloTIKG” or “Ox1 0€€IoTIKO”) before evaluation against ground truth annotations using
standard classification metrics.

4.3.2.2 GPT-3.5 and GPT-40 Prompting

For the in-context learning experiments with GPT-3.5-Turbo and GPT-40, we used the
OpenAl API to perform both zero-shot and few-shot classification without any task-
specific fine-tuning. In both setups, each tweet was embedded within a carefully crafted
Greek-language prompt that defined sexism and explicitly constrained the model's
response to one of two fixed outputs: “Nai, 10 tweet eival oe€ioTikd.” or “Oxi, 10 tweet
O¢ev gival OegIoTIKO.”; the same prompt was used for Meltemi and Krikri. Prompts were
structured as conversations, with a system message assigning the model the role of a
sexism detector and a user message presenting the tweet for classification. Predictions
were generated using greedy decoding (temperature=0), ensuring consistent outputs for
identical inputs. Model responses were post-processed and mapped to binary labels
(“oeCloTIkG” or “Ox1 0€€loTIKG”), which were then evaluated using standard classification
metrics such as accuracy, precision, recall, and F1-score.

4.4 Evaluation Metrics

To assess model performance on the binary classification task (sexist vs. non-sexist),
we used four standard evaluation metrics: Accuracy and, Precision, Recall, and F1-
score per category. These metrics are derived from the basic components of a
confusion matrix:

e True Positives (TP): the number of tweets correctly classified as sexist.
¢ False Positives (FP): the number of tweets incorrectly classified as sexist.
e False Negatives (FN): the number of tweets incorrectly classified as non-sexist.

e True Negatives (TN): the number of tweets correctly classified as non-sexist.

Based on these, we calculate the metrics as follows:
e Accuracy: It represents the overall proportion of correctly classified samples.

A - TP + TN
CCUraY = TP Y TN + FP + FN

e Precision: It measures the proportion of correctly predicted sexist tweets among all
tweets labeled as sexist by the model.
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TP

P 151 =
recision TP + FP

e Recall: It quantifies the model's ability to correctly identify actual sexist tweets.

TP

N=—
Recall = 75T FN

e F1-score: The F1-score provides a harmonic mean between Precision and Recall,
offering a single metric that balances both false positives and false negatives.

2 X Precison X Recall

F1 — =
score Precison + Recall

While accuracy gives a general sense of correctness, it can be misleading in
imbalanced datasets, such as the one used in this study, where the number of non-
sexist tweets is significantly larger than sexist tweets. In such cases, a model might
achieve high accuracy simply by predicting the majority class. For this reason, F1-score
is particularly important, as it takes into account both types of classification errors (FP
and FN) and provides a more reliable indicator of a model’s ability in detecting the
minority class (sexist content).

Finally, we report macro-averaged metrics: macro-precision, macro-recall, and macro-
F1, which compute the metric independently for each class and then average the
results, treating both classes equally regardless of size. This provides a more balanced
evaluation by reflecting performance on both the majority and minority classes. The
macro-F1 score is particularly important in our context, as it captures the trade-off
between precision and recall for each class and highlights the model’s ability to correctly
identify sexist content, which is underrepresented in the dataset.

4.5 Experimental Results on validation set

All models were evaluated first on the validation set. The detailed classification metrics
per class (i.e., for sexist and non-sexist tweets), along with their macro-averages, are
presented in Table 9.

4.5.1 Fine-tuning BERT

Among all fine-tuning variations of Greek BERT that were tested, the baseline model
without class weights and additional synthetic data achieved the best overall
performance, with an accuracy of 0.821 and a macro-F1 score of 0.759; this model was
used as a baseline for comparison with LLMs (see Table 9). These results indicate that,
despite the class imbalance, the model was able to achieve competitive results
effectively without incorporating weighting.
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The weighted-loss version yielded nearly identical outcomes, with an accuracy of 0.820
and macro-F1 of 0.757, suggesting that the inclusion of class weights had minimal
impact on overall performance. In contrast, the introduction of synthetic data through
SMOTE had a negative impact on model performance. As the proportion of synthetic
examples increased, from one-third, to two-thirds, to full augmentation, the model’s
effectiveness progressively declined; see Table 8. This trend suggests that the
generated examples may have introduced noise or failed to reflect the nuanced
characteristics of authentic sexist language. Specifically, when one-third of the SMOTE-
generated data was used, the model achieved an accuracy of 0.808 and a macro-F1
score of 0.729. With two-thirds, performance dropped to 0.784 accuracy and 0.725
macro-F1, while full augmentation led to a further decline, reaching 0.750 accuracy and
0.693 macro-F1; see Table 8.

Table 8: Results on Val Set for BERT fine-tuned on SMOTE data

Val set Class 0 Class 1 Macro average of 0,1 | Accuracy
(non-sexist) (sexist)

GreekBert + 0.891/0.860/0.875 0.550/0.620/0.583 0.721/0.740/0.729 0.808
1/3 SMOTE
data

GreekBert + 0.916/0.798/0.583 0.502/0.736/0.597 0.709/0.767/0.725 0.784
2/3 SMOTE
data

GreekBert + 0.897/0.764/0.825 0.468/0.703/0.562 0.683/0.733/0.693 0.750
3/3 SMOTE
data

The worst-performing BERT-based configuration by a significant margin was the partial
fine-tuning setup, in which all BERT encoder layers were frozen and only the final
classification head was trained. This outcome suggests that the fixed, pretrained
representations from Greek BERT were insufficient for effectively capturing the nuances
of sexist language in Greek tweets. Full model fine-tuning was essential to adapt the
model to the specific characteristics of the task. The macro F1-score reached only
0.454, while the class-specific F1-score for the sexist category dropped sharply to
0.034, indicating severe difficulties in detecting the minority class. Despite an accuracy
of 0.778, this result highlights the misleading nature of accuracy in imbalanced
classification settings.

Based on the above results, as already mentioned only the baseline Greek BERT model
without class weights and additional synthetic data is included in the final comparison
table for the validation set; see Table 9, as it outperformed the other configurations.

4.5.2 Fine-tuning Meltemi and KriKri

Despite being loaded in 4-bit precision using quantization, a technique that often leads
to performance degradation, fine-tuned Meltemi-7B-Instruct performed well. Specifically,
when parameter-efficient fine-tuning via LORA was used, Meltemi-7B-Instruct achieved
an accuracy of 0.841 and a macro-F1 score of 0.794 on the validation set (Table 9);
e.g., in terms of accuracy it surpassed the best BERT model. On the other hand Krikri-
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8B-Instruct (4-bit quantization) delivered the strongest performance among all fine-
tuned models, achieving an accuracy of 0.876 and a macro-F1 score of 0.804 on the
validation set; winning by a significant margin Meltemi-7B-Instruct.

4.5.3 Prompting Meltemi and KriKri

We evaluated the performance of the Meltemi-7B-Instruct model under various few-shot
prompting configurations, ranging from O0-shot to 8-shot. Performance improved
significantly as the number of in-context examples increased. While the 0-shot
configuration produced modest results (macro-F1: 0.634, accuracy: 0.661), adding
examples led to marked gains. The best performance was observed with 6-shot
prompting, achieving 0.667 macro-F1 and 0.728 accuracy, followed closely by the 8-
shot (0.662 macro-F1, 0.723 accuracy) and 4-shot setups (0.664 macro-F1, 0.725
accuracy). This demonstrates Meltemi’s strong capacity to benefit from in-context
examples, despite being loaded with 4-bit quantization.

We also assessed the performance of the Krikri-8B-Instruct model across multiple few-
shot prompting configurations (0—8 shots). Overall, the model demonstrated strong and
stable performance, with only minor fluctuations across configurations. The highest
macro-F1 score (0.714) and accuracy (0.756) were achieved using the 6-shot setup,
closely followed by the 2-shot configuration (macro-F1: 0.701, accuracy: 0.759) and the
0-shot configuration (macro-F1: 0.699, accuracy: 0.758). Also it was proven better than
Meltemi, the other Greek model. This is somewhat expected, e.g. because it is a larger
model (+1B more parameters).

4.5.4 Prompting GPT-3.5 turbo and GPT-40

The GPT-3.5-turbo model was evaluated across several prompting configurations, from
0-shot to 8-shot. Performance generally improved as more in-context examples were
added. In the 0-shot setting, the model achieved an accuracy of 0.706 and a macro-F1
score of 0.665. With 2-shot prompting, results improved slightly to 0.716 accuracy and
0.675 macro-F1. The 4-shot setup reached 0.733 accuracy and 0.689 macro-F1. The
best performance was achieved with 6-shot prompting (accuracy: 0.778, macro-F1:
0.713). The 8-shot configuration yielded 0.710 accuracy and 0.669 macro-F1, showing
a slight drop compared to 6-shot.

The more recent OpenAl model, GPT-40 demonstrated the strongest overall
performance among all evaluated models. In the few-shot prompting experiments, the
6-shot configuration yielded the highest accuracy (0.877) and macro-F1 score (0.829),
outperforming all other models and setups (e.g. 2/4/8 shot). Even the other GPT-40
prompt configurations (2/4/8 shot) showed consistently high results, confirming the
model's robustness across different numbers of in-context examples. These results also
surpassed those achieved by the fine-tuned models, establishing GPT-40 as the best-
performing model in this study.
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Table 9: Results on Val Set

Validation set

Fine-tune Greek
BERT - no class
weights - no synthetic

data

Fine Tune

Meltemi-7B-Instruct

Fine Tune

Krikri-8B-Instruct

Meltemi-7B-Instruct

0_shot

Meltemi-7B-Instruct

2_shot

Meltemi-7B-Instruct

4 shot

Meltemi-7B-Instruct

6_shot

Meltemi-7B-Instruct

8 shot

Krikri-8B-Instruct_0
shot

Krikri-8B-Instruct_2
shot
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Class 0

(non-sexist)

0.914/0.850/0.88
1

0.947/0.844/0.89
2

0.898/0.948/0.92
2

0.949/0.598/0.73
4

0.939/0.607/0.73
7

0.893/0736./0.80
7

0.893/0.740/0.81
0

0.891/0.735/0.80
6

0.908/0.768/0.83
2

0.909/0.768/0.83
3

Class 1

(sexist)

0.573/0.716/0.636

0.5990/0.831/0.69

6

0.771/0.616/0.685

0.382/0.886/0.534

0.380/0.858/0.527

0.421/0.685/0.522

0.425/0.685/0.524

0.419/0.680/0.518

0.466/0.721/0.566

0.468/0.726/0.569

Macro average of
0,1

0.743/0.783/0.759

0.773/0.837/0.794

0.834/0.782/0.804

0.666/0.742/0.634

0.656/0.733/0.632

0.657/0.711/0.664

0.659/0.713/0.667

0.655/0.708/0.662

0.687/0.745/0.699

0.688/0.747/0.701

Accuracy

0.821

0.841

0.876

0.661

0.662

0.725

0.728

0.723

0.758

0.759
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Krikri-8B-Instruct

4 shot

Krikri-8B-Instruct

6_shot

Krikri-8B-Instruct

8 shot

GPT-3.5_0shot

GPT-3.5_2shot

GPT-3.5_4shot

GPT-3.5_6shot

GPT-3.5_8shot

GPT 40_0Oshot

GPT 40 _2shot

GPT 40_4shot

GPT 40_6shot

GPT 40_8shot
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0.959/0.713/0.81
8

0.947/0.729/0.82
3

0.955/0.713/0.81
7

0.929/0.674/0.78
1

0.935/0.683/0.78
9

0.931/0.711/0.80
6

0.902/0.804/0.85
0

0.929/0.679/0.78
5

0.961/0.792/0.86
8

0.938/0.902/0.92
0

0.944/0.864/0.90
2

0.939/0.900/0.91
9

0.942/0.893/0.91
7

0.465/0.890/0.611

0.469/0.854/0.605

0.463/0.881/0.607

0.413/0.0817/0.54

9

0.424/0.831/0.561

0.441/0.812/0.572

0.495/0.688/0.575

0.417/0.817/0.552

0.544/0.885/0.674

0.694/0.790/0.739

0.628/0.817/0.710

0.690/0.794/0.738

0.679/0.803/0.736

0.712/0.802/0.715

0.708/0.791/0.714

0.709/0.797/0.712

0.671/0.746/0.665

0.679/0.757/0.675

0.686/0.762/0.689

0.698/0.746/0.713

0.673/0.748/0.669

0.753/0.839/0.771

0.816/0.846/0.829

0.786/0.840/0.806

0.815/0.847/0.829

0.810/0.847/0.826

0.752

0.756

0.750

0.706

0.716

0.733

0.778

0.710

0.813

0.878

0.854

0.877

0.874
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4.6 Experimental Results on test set

The test set was reserved for the final evaluation of the best-performing models as well
as for thorough error analysis (see Sec 4.7) Accuracy, macro-average scores along with
detailed classification metrics for each class (i.e., sexist and non-sexist tweets) are
presented in Table 10.

It is observed that the ranking of the models in the validation set remains the same in
the test set, which showcases the consistency of the results. Specifically, prompt-based
GPT-40 (6-shot) remains the best-performing model overall (see Table 10), maintaining
top-level performance without any fine-tuning. The prompt-based Krikri (6-shot) is less
effective than both the fine-tuned Meltemi and the Greek BERT model, while the fine-
tuned KriKTri still stands out as the most effective model among the fine-tuned ones. This
stability in model ranking across both sets indicates that the models' performance is
generalizable and not overly dependent on the specific characteristics of a specific set
of tweets.

Overall, the results show consistent behavior between the validation and test sets, with
only minor differences. The fine-tuned models exhibit slight decreases in macro average
and accuracy on the test set, without significant performance degradation. KriKri
remains the most reliable among them, with minimal variation and consistently high
performance. In contrast, the prompt-based Krikri shows a more noticeable drop,
particularly in macro average, while GPT-40 shows nearly identical performance in both
evaluation sets; which is somewhat expected due to its larger number of parameters. In
conclusion, GPT-40 in the prompt-based setting stands out, outperforming even the
best fine-tuned models, confirming the effectiveness of few-shot learning with large
language models.

Table 10: Results on Test Set

Test Set Class 0 Class 1 Macro average of | Accuracy
sexist

Fine-tune 0.916/0.845/0.879 0.567/0.726/0.637 0.742/0.785/0.758 0.819

GreekBERT

Fine Tune 0.935/0.845/0.888 0.588/0.790/0.674 0.762/0.818/0.781 0.833

Meltemi-7B-

Instruct

Fine Tune 0.902/0.930/0.916  0.721/0.639/0.678 0.811/0.785/0.797 0.867

Krikri-8B-Instruct

Krikri-8B-Instruct 0.966/0.736/0.836  0.491/0.909/0.638 0.729/0.822/0.737 0.774

6 shot

GPT 40 - 6 shot 0.948/0.891/0.918 0.680/0.826/0.746 0.814/0.858/0.832 0.877
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4.7 Error Analysis

As already mentioned, we have based our error analysis on the test set, which was
reserved for the final evaluation of the best-performing models. The identified errors
reflect the remaining challenges encountered in our dataset. For this analysis, we also
leveraged the fine-grained annotations (i.e., 8 categories and sexism type) created
during the dataset's construction, which allowed us to identify patterns and examine in
which specific categories each model performs better or worse.

4.7.1 Fine-tuning BERT

For the fine-tuned Greek BERT model, we observed 60 misclassified (False Negatives)
out of 219 sexist tweets; see Fig. 3. Table 11 shows detailed misclassification statistics
per sexism type. Among the in total 60 misclassified sexist tweets, the majority i.e., 42
were instances of indirect sexism, and 18 were direct sexism. This difference is due to
the fact that indirect sexist tweets are more than indirect (120 vs 99) but also more
difficult to be identified. The latter is revealed from the misclassification rate which was
significantly higher (almost double) for indirect sexism; i.e., 35% (42/120) for indirect
and 18.2% (18/99) for direct. These findings highlight that the model struggles more
with detecting indirect sexism compared to direct expressions. Also it is worth to be
noted that 18/60 (30%) FN belong to the stereotypes category and no other category
has more than 15%. This indicates the BERT struggles with the specific cases.

Confusion Matrix

Not Sexism (0) 121

True label

300

Sexism (1) - 60 159 | 200

r 100

Not Sexism (0) Sexism (1)
Predicted label

Figure 3: Confusion Matrix of the Fine-Tuned Greek BERT Model on the Test Set
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Table 11: False Negatives of the Fine-Tuned Greek BERT Model on the Test Set.

FN Sexism Type FN per Sexism Type

Incitement to violence 0 direct 18

Insults and slurs 9 direct

Objectification sexualization | 9 direct

Stereotypes 18 indirect 42

Diminishing comments 4 indirect

Sexism through denial & indirect

Humor and irony 4. indirect

Benevolent sexism 4 indirect

TOTAL 60 indirect

Additionally, the model produced 121 misclassified non-sexist tweets, often caused by
overgeneralizing from surface-level cues like toxic or aggressive language, even when
the context was not sexist.

4.7.2 Fine-tuning Meltemi

For the fine-tuned Meltemi-7B-Instruct model, we found 46 false negatives; see Fig. 4.
Among them, 17 were related to direct sexism, and 29 to indirect sexism. The
misclassification rate was higher for indirect sexism (24.16%) compared to direct sexism
(17.1%). This suggests that the Meltemi model as in the case of BERT also faces
challenges detecting indirect sexism. In general the model struggles with the sexism
category if compared to BERT and Table 12 which presents misclassification statistics
per sexism type shows that the errors are distributed to many types, e.g. “Stereotypes”,

“‘Humor and irony”, “Insults and slurs” etc.

Confusion Matrix

600

Not Sexism (0) 121 500

T - 400
e}
i
@
=

= 300

Sexism (1) - 46 173 200

100

T T —
Not Sexism (0) Sexism (1)

Predicted label

Figure 4: Confusion Matrix of the Fine-Tuned Meltemi Model on the Test Set
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Table 12: False Negatives of the Fine-Tuned Meltemi Model on the Test Set.

FN Sexism Type FN per Sexism Type

Incitement to violence 0 direct 17

Insults and slurs 11 direct

Objectification sexualization 6 direct

Stereotypes 10 indirect 29

Diminishing comments 6 indirect

Sexism through denial 4 indirect

Humor and irony 6 indirect

Benevolent sexism 3 indirect

TOTAL 46 indirect

Additionally, 121 false positives were produced (Fig 4), often due to overgeneralizing
surface-level cues, such as emotionally charged language or references to women,
even in neutral contexts.

4.7.3 Fine-tuning Kri-Kri

The fine-tuned Kri-Kri model produced 79 false negatives, with 58 corresponding to
indirect sexism and 21 to direct sexism. Again the misclassification rate for indirect
sexism was notably higher (48.3%) than for direct sexism (21.21%). The model
generated 54 false positives, often triggered by emotionally charged language that was
not actually sexist.

Confusion Matrix

700
600
Not Sexism (0) 54
500
w
e
o - 400
@
2
'_
- 300
sexism (1) 79 140
200
r 100
T T I
Mot Sexism (0) Sexism (1)

Predicted label

Figure 5: Confusion Matrix of the Fine-Tuned Kri-Kri Model on the Test Set
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Table 13: False Negatives of the Fine-Tuned Kri-Kri Model on the Test Set

FN Sexism Type FN per Sexism Type

Incitement to violence 0 direct 21

Insults and slurs 6 direct

Objectification sexualization 15 direct

Stereotypes 17 indirect 58

Diminishing comments 6 indirect

Sexism through denial 4 indirect

Humor and irony 26 indirect

Benevolent sexism 5 indirect

TOTAL 79 indirect

4.7.4 Prompting Kri Kri

In the evaluation of the Kri-Kri prompts model, 20 false negatives were identified, 16
related to indirect sexism and only 4 to direct sexism. The misclassification rate for
indirect sexism was higher (13.3%) compared to direct sexism (4%).

Confusion Matrix

500

Not Sexism (0) 206

400

- 300

True label

200
Sexism (1) 1 20 199

100

Not Sexism (0) Sexism (1)
Predicted label

Figure 6: Confusion Matrix for the prompt-based Kri-Kri Model Evaluated on the Test Set
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Table 14: False Negatives of the prompt-based Kri-Kri Model on the Test Set

FN Sexism Type FN per Sexism Type
Incitement to violence 0 direct 4
Insults and slurs 2 direct
Objectification sexualization | 2 direct
Stereotypes 5 indirect 16
Diminishing comments 3 indirect
Sexism through denial 2 indirect
Humor and irony 4 indirect
Benevolent sexism 2 indirect
TOTAL 20 indirect

Notably, this model produced the fewest false negatives among all the models, but it
also generated the highest number of false positives, with 206 instances.

4.7.5 Prompting GPT-40

Finally, for the GPT-40 prompts model, we recorded 38 false negatives, 27 related to
indirect sexism and 11 to direct sexism. In table 15 you can see the distribution of these
errors; most belong to the “Humor and irony” category. Again the misclassification rate
for indirect sexism (22.5%) was higher than for direct sexism (11.1%).

Confusion Matrix

600

Not Sexism (0) a5

True label

Sexism (1) T 38 181 L 200

F 100

Mot Sexism (0) Sexism (1)
Predicted label

Figure 7: Confusion Matrix for the prompt-based GPT40 Model Evaluated on the Test Set.
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Table 15: False Negatives of the prompt-based GPT4o Model on the Test Set.

FN Sexism Type FN per Sexism Type

Incitement to violence 0 direct 11

Insults and slurs 6 direct

Objectification sexualization | 5 direct

Stereotypes 6 indirect 27

Diminishing comments 5 indirect

Sexism through denial 1 indirect

Humor and irony 12 indirect

Benevolent sexism 3 indirect

TOTAL 38 indirect

In addition, the model produced 85 false positives, again suggesting over-sensitivity to
language features that resemble sexism but lack sexist intent.
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5. CONCLUSIONS AND FUTURE WORK

This thesis presents, to the best of our knowledge, the first manually annotated Greek-
language dataset specifically designed for the detection of online sexism against
women. By collecting and annotating data from three major platforms, Twitter, Reddit,
and YouTube, we aimed to reflect the diversity and complexity of sexist discourse in
Greek digital spaces. Our detailed annotation scheme, which included both binary and
fine-grained labels, allowed for the nuanced classification of sexist content, capturing a
broad spectrum ranging from explicit abuse to more subtle, implicit expressions such as
benevolent sexism and stereotypical assumptions.

Even with limited computational resources, our experimental evaluation demonstrated
that fine-tuned models, particularly Llama-KriKri-8B-Instruct, outperformed both zero-
shot and few-shot prompting approaches in most scenarios, especially in terms of
macro F1-score. This finding aligns with previous literature [31], [32] for other
languages, where it is similarly observed that performance without fine-tuning, relying
solely on prompt-based methods, tends to be inferior.

However, it is worth noting that GPT-40, even without fine-tuning, achieved the highest
overall performance across evaluation metrics. This highlights the potential of very large
state-of-the-art large language models when used through carefully crafted prompting
strategies. This outcome is further supported by the fact that GPT-40 is a highly
powerful model, with a significantly larger number of parameters compared to the other
models evaluated. Additionally, our experiments with GPT-40 were conducted using the
official OpenAl API that uses the full model, not a quantized version of it; it is known that
quantization compromises performance in favor of efficiency.

Moreover, our error analysis revealed consistent challenges across all models in
identifying indirect and nuanced forms of sexism, confirming the complexity of the task
and the limitations of surface-level lexical cues. Nonetheless, the strong performance of
fine-tuned instruction-tuned models, highlights the potential of language-specific LLMs
for tackling sensitive sociolinguistic tasks in under-resourced languages like Greek.

There are several directions in which this research could be extended. First, the current
evaluation focused exclusively on binary classification (sexist vs. non-sexist). Expanding
this framework to include the fine-grained classification would allow for deeper insights
into the nature of sexist discourse and enable models to distinguish between different
types of harmful language, such as objectification, stereotyping, or benevolent sexism.

Although 3 datasets were created; Twitter (X), Reddit, and YouTube, the experiments
were conducted exclusively on the Twitter (X) dataset. Future work could isolate and
analyze platform-specific data to examine whether model performance varies across
platforms with distinct discourse norms, community dynamics, and linguistic patterns.

Regarding annotation, while the process was informed by detailed guidelines and
included inter-annotator agreement metrics, it remains inherently subjective, particularly
for comments involving irony, ambiguity, or strong contextual dependencies. Although
three annotators were involved overall, the majority of the data was labeled by a single
individual, which may introduce annotator bias, reflecting their specific interpretations
and value judgments. To address this limitation, future work could involve a larger and
more balanced pool of annotators, as well as explore the use of soft labels, where
disagreements are retained as probability distributions rather than being resolved into a
single "correct" label. This would better reflect the uncertainty present in many
examples and allow models to learn from ambiguity. Additionally, incorporating multiple
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perspectives could reduce bias and enhance both fairness and robustness in model
training.

Finally, integrating reasoning capabilities into model outputs could further improve the
system’s trustworthiness. Rather than simply producing a binary or categorical label,
models could be designed to generate explanations or justifications for their decisions,
helping users understand the rationale behind each prediction.

In conclusion, this work provides a valuable starting point for the computational study of
online sexism in the Greek language, contributing both a dataset and a comparative
evaluation of language models. It opens the path for more inclusive, accurate, and
socially aware NLP systems tailored to the Greek digital sphere.
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ACRONYMS

API Application Programming Interface

AUEB Athens University of Economics and Business
BERT Bidirectional Encoder Representations from Transformers
Bi-LSTM Bidirectional Long Short-Term Memory

BPE Byte Pair Encoding

CNNs Convolutional Neural Networks

DTFN Dual-Transformer Fusion Network

DPO Direct Preference Optimization

EDOS Explainable Detection of Online Sexism

EOS End of Sequence

EXIST Sexism Identification in Social Networks

FN False Negatives

FP False Positives

GPU Graphics Processing Unit

GRU Gated Recurrent Unit

ICL In-Context Learning

ILSP Institute for Language and Speech Processing
LLMs Large Language Models

LoRA Low-Rank Adaptation

LSTM Long Short-Term Memory

LwD Learning with Disagreement

MFE Multimodal Fusion Ensemble

NLP Natural Language Processing

PEFT Parameter-Efficient Fine-Tuning

QLoRA Quantized Low-Rank Adaptation

RNNs Recurrent Neural Networks

RLHF Reinforcement Learning from Human Feedback
SFT Supervised Fine-Tuning

SMOTE Synthetic Minority Over-sampling Technique
SVM Support Vector Machines

TN True Negatives

TP True Positives
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APPENDIX |

Lexicon Used for Data Collection:

LEXICON

Common nouns Number of Tweets
1 Ayapun 425
2 AyaunTn 38
3 AvdpokTovia 37
4 Avopyaouikid 103
5 AvuUTravTpn 39
6 AtupioTn 85
7 Bidita 282
8 kOueva 2,996
9 KOueveg 2,335
10 Ikpivia 1,419
11 lNuvaika 45
12 lMuvaikeg 8,128
13 AgoTrOIVig 4,319
14 Akaiwparta 1811
15 Kdauta 660
16 KapidAa 770
17 KoTtreAia 2,213
18 KotreAitoa 283
19 Kopitol 2,265
20 Kopitoia 2,192
21 Kota 6,150
22 Koudiva 2,863
23 KouTtooutroAa 370
24 Kupia 2,121
25 MavTtapu 1,560
26 Mouvapa 1,870
27 Mwpn 1,966
28 —avoid 3,232
29 Opoppouia 131

P. Mantziou
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30 MapBéva 1,171

31 MapBéveg 279

32 Marto 2,244

33 MAaoTIKN 1,636

34 Moutdva 2,575

35 Moutdaveg 176

36 Moutoo 1,284

37 2aupa 421

38 ZEC 2,120

39 20oUpyeAo 1,161

40 ToouAa 28

41 YoTtepia 564

42 Qepivad 92

43 QeIVIOTIKA 1

44 Qepiviotpia 475

45 QepvioTpieg 828

TOTAL_1 67,554
Proper Names Number of Tweets

1 AxTO16yAOU 1,470

2 Aoupou 1,380

3 KaiAn 1,262

4 KwvoTtavrotrouhou | 2,084

5 MapéBa 1,762

6 MeAETN 2,187

7 Mevowvn 801

8 MepioTépa 913

9 Mrrika 409

10 MrTrekaTwpou 1,321

TOTAL_2 13,589
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APPENDIX I

Content Warning: Indicative examples of sexist language are presented to describe the
classification and analyze the examples. The guidelines annotation is provided in
Greek.

GUIDELINES ANNOTATION - Z2XHMA ENMIZHMEIQZHZ

To Baolkd oxAua monueiwong, givai binary:
2&810TIKO (S)
Mn o€éioriko (N)

rPQTO EIIMNEAO EMNIZHMEIQZHZ

Mpiv T0 Bacikd dlaxwpPIoHO o€ OECIOTIKO Kl Un OEEIOTIKO OXOAIO, YiVETAI PIa YEVIKOTEPN
d1akpion o€ toxic kal non toxic oxXOAIQ, TTOU TTPONYEITal TNG OIAKPIONG OEEIOTIKOU KAl [N
oe€loTikoU. Ta T1o§Ikd oxOAla cival 6Aa Ta oxoAia 1Tou TrepIAauBévouv TTPOoBANTIKNA,
EMOETIKA | UTTOTIUNTIKN YAWOOQ, Ta OTToia dnuIoupyouv apvnTIKO KAipa, TTPOKAAoOUV
ouvaiodnuartiky BAABN, 13 UTTOVOUEUOUV TN CUVAICONUATIKA EUNUEPIO KAl TNV WUXIKNA
uyeia Tou atéuou TTou Ta BEXETal. AuTa Ta OXOAIa ptTopei va TrepIAauBdavouv BPICIEG,
atrelNéG, XAEUOOTIKA OXOAIa 1 oxOAld TToU UTTOKIVOUV dicog 1 Bia. & autd 1o
TTPWTAPXIKO €TTITTESO Oev €€eTAlOUPE aKOUa €AV Eva oXOAIO gival OegIOTIKO 1 OxI aAAG
MOVO av aTToTEAEI PNTOPIKK HICOUG.

Emiong, TTpooTédnke kal n katnyopia other (O) yia tweets TTou dev €ival ypauuéva e
€EANVIKOUG XapaKTHPES Kal dev Ba ETpeTTe va Bpiokovtal oTo dataset, yia kevd tweets
TTOU Qv €XOUV Olaypa@ei, yia EAAEITITIKEG TTPOTACEIG TTOU OEV UTTOPEI O AvayvwoTNG va
KATOAGBEI TO TTEPIEXOUEVO QUTWYV KATT. Ta oxOAla TTou €xouv etmionuelwOei wg other Ba
dlaypa@ouv a1rd 10 dataset kal Oev ETTICNPEIWVOVTAI OTA ETTOUEVA ETTITTEDQ.

MAPAAEICMATA ATl1O TO DATASET POLARITY

COMMENTS POLARITY

1. | “Avre yaunoou uwpn mmourava” Toxic

2. | “n Ae¢ Bpe ooupyeAo ou artnv supwAiyka emrailes orav n | Toxic
®opritouto €ixe ummacker arnv A1 IraAiag kar n Biproug
Aeyorav Kivrep BAaka”

3. | “Bpébnke mAaotiki oakoUAa orto mio Babu onueio twv | Non Toxic
wKeavwyv”

4. | “Me duo akoun €Telcodia yia TV auAaia, av dev £€pBel To | Non Toxic
TEAOG TOU KOOMOU Kal VA Yivouv OAa rroutava arro KOOoUo,
16716..Kpipa. #Banshee

“Et01....7 Other

“O1 5 TUTTOI TWV EMdaupiwy: Other
Kupia Eikova:

H kupi...”
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Mapatnpoupe OTI n TTPOTAON_4 TTOU TTEPIEXEI MIO AEEN TTOU €VOEXETAI va BewpnOei
TTpooBANTIKNA ("rmourdva"), dev ouvioTd autopaTta TTPOoBANTIKG Adyo. H diagopoTroinon
EYKEITAI OTO TTAQICIO KAl TOV TOVO TOU OXOAIOU. 2T OUYKEKPIYEVN TTEPITITWON, N AEEN
XPNOILOTTOIEITAI UE TN onuUacia TNG UTTEPBOAAG Kal TOU OXOAICUOU Yia HIa KATAoTaon,
XWPIG va atreubuveTal O KATTOI0 ATOPO i OpAdA PE OKOTTIO TNV UTTOTIWNON i TNV
TTPo0BoAR. 'ET01, 0 Adyog dev Bewpeital TTpooBANTIKOG.

AEYTEPO ETMNEAO ENIZHMEIQZHZ

To Baoikd emiTTedo TNG TALIVOUNONG Hag KAvel pia duadikf dIAKPIoN PETALU OEEIOTIKWYV
KAl PN O€gloTIKWY OXOAiwv. Opifoupe TO OECIOTIKO TTEPIEXOUEVO WG OTTOINSATIOTE
KATdXpnon, oiwtrnen f pnTtA, TTou AatreubUVETAl TTPOG TIG YUVAiIKEG pE Bdon TO
@UAO TOUG, I} HE BACT TO OCUVOUOAGCHO TOU PUAOU TOUG HE €va I TTEPIOCOTEPA AAAQ
XOPOKTNPIOTIKA TAUTOTNTAG (TT.X. HOUPES YUVAIKEG ] MOUOOUAMAVEG YUVAIKEG).

Emonueiwvovtal wg oegloTikd yovo Ta oxOAlo TTou €xouv wg target TIg yuvaikeg
(BloAoyIlka Kai KOIVWVIKA) Kal Oyl Oe€IOTIKA oXOAIa TTOU WTTOPEl va atreubuvovTal o€
avodpeg, AOyw Tou OKOTTOU TN TTapoucag epyaciag. ETriong, mpooBANTIKA oxXOAIa TTou
arreuBuvovTal o€ yuvaikeg aAAd Oev eival Oe€IOTIKG, €TTiong Ogv ETTIONPEIWVOVTAl WG
O€€IOTIKA. AV yIa KATTOIO OXOAIO dev UTTAPXEl BERBaIOTNTA av gival OEEIOTIKO A OxI, i av
atreuBuveTal o€ yuvaika, ETTIAEYETAI VA ETTIOCNUEIWOET WG U OESIOTIKO.

Ocwpeital autopata 611 6Aa Ta OeSIOTIKA OXOAIa gival KAl TOSIKA, KABWG TTEPIEXOUV
apvnTikA Kal TTPOCRANTIK YAWOoOoa TIPOG TIC YUVAIKEG, aAAG OAa Ta oxOAla TTou
euTTEPIEXOUV TTPOORANTIKO Adyo dev gival atrapaitnTa oegIoTIKA. 'Eva oXOAI0 PTTOPEi va
gival TOEIKO XwpPIc va TTEPIEXEI OEEIOTIKO TTEPIEXOUEVO, OXI OUWGS TO AVTIBETO.

All Sexist comments — toxic speech
BUT

All Toxic comments NOT Sexist speech

IMAPAAEITMATA AlO TO DATASET_SEXISM

COMMENTS POLARIT | SEXIS
Y M
1. | «Avre yaunoou pwpn rouravax Toxic Sexist
2. | “‘n Ae¢ Bpe ooupyedo mou oTnv eupwAiyka | Toxic Not
emraifeg orav n PoprITOUTO EIXE UTTAOKET OTNV Sexist

A1 Itahiag kai n Biproug Asyorav Kiviep BAaka”

3. | «ZoupyeAo Tou Keparallly * Toxic Not
Sexist

4. | «lwwww T10 mMaocare auro mou avéBaoe n | Toxic Not
Opgavidouv apxilouv Kai avoiyouv oTéuara..va sexist

ow pwpn xauoupa KowidAn mou 6a Kpuereic
maAioéemAévn #cancel _kopsialis» **
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5. | «Oi onAwaoeig 1ls avonTtng Zwnc¢ | Toxic Not
KwvaravromouAou, Omw¢ TIC aQvarmapayel n sexist
Ouada AAnbeiag tng Néag Anuokpariagy ***

6. | lkoueves kai ualakies.. Kauia oag ocv aéiel.. | Toxic Sexist
Mrmréoa rwpa!

ENE=HIHXEIZ:

*«2oUupyeAo Tou kepard!!ly

— 0a emonpeiwdei wg toxic kal Nonsexist (cival TogIKOG AOyog yiati TTEPIAAUPBAVEI
TTPOOBANTIKA AEEN aAAG dev yvwpilouue Kav av atreubuveTal o€ yuvaika i dvopa woTe
VQ ECETAOTEI AV TTPOKEITAI VIO OEEIOTIKO)

«Mwwww 10 mMaocare auro mou avéBace n Opeavidouv apxifouv Kai avoiyouv
orouara.va Ow pwpn xauoupa KowiagAn mou Ba  Kpuereic  maAioéemAévn
#cancel _kopsialis»

— Ba emonuelwbei wg toxic kai Nonsexist cival TogIKOG Adyog yiaTi TTepIAaUBAVEI
TTPOOBANTIKN AEEN aAAG Oev cival O€EIOTIKO dEv OTTEUBUVETAI AV OE YUVAIKA.

***«O1 dnAwaoeic TS avontne Zwng KwvaravrormouAou, OmTwg Tis avarrapadyel n Ouada
AAnbeiac tn¢ Néag Anuokpariacy

— Ba emonuelwbei wg toxic kai Nonsexist cival TogIKOG Adyog yiaTi TTEPIAAUPBAVEI
TTPOCBANTIKA AEEN, atmeuBuveTal o€ yuvaika, woTooo dev TTPOKEITAI yIa KaBapr OEEIOTIKN
€TTiIBeON TTOU YiveTal CAITIOC TOU QUAOU.

TPITO EIIMEAO ElMNIZHMEIQXHX
2€ €TTOPEVO €TTITTEDO dlaXWPICOVTAl TA OEEIOTIKA OXOAIO O€ 8 UTTOKATNYOPIEG.

0.Ytrokivnon yia mpokAnon Biag, cwHaTtik, 0e§OUAAIKR, TTAPABIACTIKN
CUMTTEPIPOPA KATT.

«Na o¢ Bidoouv va npeunoeig!»
1. MpooBoAn, BpIoiég
«Nr0vovral oav TOPVES TTAEOV O YUVAIKES»
2. AvTtikeipevoTtroinon, oe§ouaAikoTroinon
«Mouvapd! Eutraiva xwpic deUtepn okEWn»
3.ZTepedTUTTA
«TIC OOUAEIEG TOU OTTITIOU TIC KAVOUV KAAUTEPO OI YUVAIKESH
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4.YToTIuNTIKA OoXOAla (Tr.X. XPrON UTTOKOPIOTIKWY, TTATPOVAPICTIKA
OXOAIQ)

«To TOUNTEP KOPITOAKI UoU UTTAPXEl OW Kal OEKa xpovia. Acv EeKivnoe Twpa. »

5.NA\wooca TTou apveital Tnv Umrapén Siakpiocewv , diKaloAoyei TV
aviooTnNTa TWV QUAWV KOl UTTOTIJA &V YEVEI TA EMQUAA CnTAMATA,
o€eSIONOG HEoO aTTO dpvnon

«Kai yiati yuvaikokTovia Kair Ox1 avdpokrovia ; »
6.Eipwveia, «xio0pop» TTou UTTOBOOKEI OESIOUO

«lari o1 yuvaikeg mavra éxouv TS KaAUTepeS 10éeg; olog E€pel, yiarti TIC akouUeEl
KQVEIg; »

7.9€TIKOG OESIONOG, AEEEIG un TTPOOBANTIKEG, KOUTTAIJEVTO

«A1mé 1n yuvaika mnyalouv 1a KaAUTEPQ, Ta EUyEVEDTEPA yiati uovo auth éEpel va
ayarra, va Quoialerai, va divel xwpic va {nra»

*O1 TTapatrdvw Katnyopieg gival diapabuiopéveg 0 1o TTEPICTOTEPO COPRAPO, AUETO
Kal @avepd kal 7 1o Aiyotepo cofBapd. H diaBabuion autr) eguTTNPETEN TNV €TTIAOYN
Tou KataAAnAdTepou label oe digopoupeva oxoAia. Or katnyopieg 0-2 apopouv Tov
aueco oegIoNO VW 01 KATNYOoPiEG 3-7 TOV EUUECO. AUTOG O DIOXWPIOHOG OE EUUECO
Kal dueco oeglopyd dev yiveral aAtrd TOV ETTIONMPEIWTA, OAAG TTPAYUOTOTTOIEITAI
auTtépaTta péow ouvaptnong if oto excel, epooov €xel TTponynBei n €TTIAOyr Tou
kataAAnAou label (S0-S7) atd Tov eTTIONPEIWTA.

COMMENT

Nan-Toxic Cther
(errors)

— ] v

_

|:r Sexism

S~

o= — - rd 6 Xiodpop
)

)
\-{ ——

\‘ ELpWVELD _.,/..
D.umaxivnan ( 5.Apvnan VO ToBemmas )
ot pia 2 AvTikEipE \, ity /N, oshowss S
ViIKOTIOLon B - —
1.NpooBohn-
Boumeg —
Sy “'"":-;.--- - = .
|/ 4ofmompnmed
. A oydha ]
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Ymokivhon vyia mpokAnon Biag, owpariky, ogfovalikn, mapafiacTikn
OUNTTEPIPOPA KATT.

H karnyopia S0 agopd utrokivnon yia TTpdkAnon Biag, CWHATIKAG, 0€EOUAAIKNS A AAANG
TTOPABIACTIKAG CUMPTTEPIPOPAG EVAVTIOV YUVAIKWY KAl AVOQEPETAI O€ KABE OXOAIO N
EVEPYEIQ TTOU €vOappUvel, TTPOTPETTEI, €mMOOKIUNALEl, 7 UTTOBEIKVUEI Tn Xpnron Biag n
GAAWV OKPAiWV CUPTTEPIPOPWY TIPOG YUuvaikes. AuToU Tou €idoug n yAwooa eival
IBlaiTepa €TTIKIVOUVN, KABWG PTTOpPEl va evduvauwaoel TNV ammodoxn Tng Biag kal va
TTPOAYEl ETTIOETIKA | KATAXPENOTIKI) CUUTTEPIPOPA. EIDIKOTEPA, TTEPIAAUPAVEI ATTEIAEG,
TTPOOPBOAEC 1} oTTOI0BNTTOTE GAAO AOGYO TTOou OIKAIOAOYEI 1 vopIdoTTolEl TN Bia KATA
Yuvaikwyv. AUTEG Ol TTPOTACEIC 1] €KPPACEIG, Ol OTIOIEG OTOXEUOUV OE YUVAIKEG,
avayvwpifovtal wg utrokivnon Piag.

«Na o Biaoouv va npsunoeig!»
— EvBappuvon oegoualikng Biag evavTiov yuvaikwy.
«OéAegl xaoroukia aurn, kai yaAiora duvara!»
— MapdTtpuvon yia cwuaTiKA Bia.
IMAPAAEIFMATA AINO TO DATASET S0

COMMENT | POLARITY | SEXISM CATEGORY
1 | «feAw va umw oTo CTOUVTIO Va aoTpaiw eva Toxic Sexism | SO
XOOTOUKL OTNV MOITOUTOOKI] -OaV aQUTo TNg Atavn-K
va pUyw Kuplogh *

2 | «Kada yia kamoleg i ykpivia eivatr SeUtepn uon Toxic Sexism | SO

TOUG... AsV EXOUV (POEL AMOPOITNTA CEAALEPEC... »
£ g

3 | «ALaKOMEG OF KAUTIVYK, Toxic Sexism | S0
Kauia yuuvn ykouevea eiSeg kpugpa micw ano ta
Sévrpay -)n ***

4 | «Ixace pwpn Bpwuilapa unv o K&Vw Eyw ve Toxic Sexism | SO
okaoceigy FF¥F

1* amelAn yia xprion QuoIKAS Biag (XaoToukl) Kal evOUvVAuwWaon TG attodoxng TETOIWV
TTPAgEWV.

2** UTTOKIVEI KAl KAVOVIKOTTOIE TN Bia TTPOG TIG YUVAIKEG.
3*** uttovoei 0eEOUOAIKR TTAPEVOXANON.
4*** amelAn yia Biain cuptTepIpopd

KATHIOPIA S1
lpooBoAn, Bpioiéc

H katnyopia S1 agopd oeloTikd oxOAIa TTou TTEPIEXOUV APECES TTIPOOROAEG UE TH XPHON
uBploTIKWV Aégewv 1 epacewv. AutoU Tou €idoug n yAwooa XpnoiJoTrolEiTal yia va
ATTagIWOEl 1 va TATTEIVWOEl TIG YUVAIKEG ME TN XPNON €viova UTTOTIMNTIKWY N
TTPOORANTIKWY XAPOKTNPIOUWY. Ta oxOMa o€ QuTr] TNV KATNyopia atroteAouv pia
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QavoIXTA, W TTPOCROAr) TToU eKPPACOUV aTTAgiWON TTPOG TIG YUVAIKEG. 2€ QUTA TNV
KATNyopia TTapaTnEOoUUE Kal TTOAAG PICOYUVIOTIKG oXOAIQ.

«Nruvovral oav mopveg mAéov ol yuvaikeg!»

— Aueon TTpooBoAn pe Bpioid

«Mwpn nAi6ia, maAr pyaAakisg kaveig!»

— QuA Kal dueon TTPOoBOAR pe €MOETIKA YAWooa.

MAPAAEICMATA Al1O TO DATASET S1

COMMENT POLARITY | SEXISM | CATEGORY
1 | «Avre yaunoou pwpn moutava Toxic Sexism | 51
2 | «{Mwpn kapioda avoife kaveva Bi6Aio oyt uovo ta nodapia cous Toxic Sexism | S1
3 | «Ewat moutava onwe oAsg.) Toxic Sexism | 51
4| tdev ywveuw Tig yuvaikes ewvar toovAsg .OAsg Tous. Tedog.» Toxic Sexism 51

AvTIKEIgEVOTTOINON, OEEOUAAIKOTTOINON

H katnyopia S2 trepIAapBdaver oxOAIa TTOU QVTIKEIMEVOTTOIOUV KOl 0EEOUAAIKOTTOIOUV TIG
YUVAIKEG, aQyvOWVTag TNV TTPOCWTTIKOTNTA, TIG IKAVOTNTES 1 Ta ocuvaloBniuaTtd Toug. Ta
XOPOAKTNPIOTIKA TNG KaTnyopiag S3 €ival n €0Tiaon 0T0 CWHA A TNV EUPAvION, OXOAIa
TTOU ava@EPOVTal OTIG YUVAIKEG JOVO WG QVTIKEIMEVA OEEOUANIKAG IKAVOTTOINONG, Kal
0eEOUOAIKG uTTOVOOUPEVa OUXVA —OXI TTAVTA- e Xudaia yAwoaa.

«Mouvapa! Eurraiva xwpic 6eutepn oKéwn.»

— Xudaia 0eEoUaAIKOTTOINON KAl QVTIKEIMEVOTTOINON.

«O1 §avOiég gival OAeC yia To KpeBAri.»

— [evikeuon 1Tou uttoBIRALEI TIC YuVaiKEG 0€ 0EEOUOAIKA QVTIKEIUEVA.
IMAPAAEIFMATA AINO TO DATASET S2

COMMENT POLARITY | SEXISM | CATEGORY
1 | «pouvapalepmnawa» Toxic Sexism s2
2 | «0 avrpag os #edel kupla oro TL kail moutava ora DM.» Toxic Sexism 52
3 | «larti KOpITOL HOU MAXUVEG KOL XXAQOEG ETOL TOV EQUTO OOU;» Toxic Sexism s2
4 | afdyuve auty mal» Toxic Sexism 52

2TEPESTUTTA

H katnyopia S3 mrepiAapBavel oxOAia TTou evioxUouv, avatrapdyouv i avag@épovTal o€
EMQUAQ OTEPEDTUTTA, OXETIKA WE TOUG POAOUG, TIG IKAVOTNTEG, T XOPAKTNPIOTIKA A TN
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OUMTTEPIPOPA  TWV yuvaikwyv. AuTd T1a oxOAMla Pacifoviar o€ TTPOKATOAAWEIS N
TTAPADOCIOKEG AVTIANWEIG TTOU TTEPIOPICOUV TIG YUVAIKEG OE OUYKEKPINEVOUG POAOUG )
KaBopifouv Tnv agia TOug ME PAON KOIVWVIKA KOTAOKEUAOMEVEG TTPoodOKieg. Ta
OTEPEOTUTTA TTOU TTEPIAQUBAVOVTAI OTAV KATAYOpPIa auTr) PTTopEi ekppdalovTal hJe TPOTTO
¢ekabapo 1 pEOW uTttovonuaTtwy. Avecdptnta ammd Tnv TpdBeon, autd Ta oxXOAia
oupBdaANouv oTn diatipnon Twv £UEUAWY aQVICOTATWY. Ta OTEPEOTUTTIA UTTOPEI va
a@opouv POAOUG Kal IKAVOTNTEG , CUPTTEPIPOPA KAl XOPAKTNPIOTIKA , QUOIKN ELPAVION,
EUQUAEG TTPOCDOKIEG K.Q.

«OI1 yuvaikeg Sev gival kaAég odnyoi.»

— 2TEPEOTUTTO YIA TN MEIWMEVN IKAVOTNTA YUVAIKWV.

«OI AavTpeg gival KAAUTEPOI OTn AYn amro@Acswy Ao TIC YUVAIKES.»
— 2TEPEOTUTTO TTOU TTAPOUCIACEI TIG YUVAIKEG WG AIYOTEPO IKAVEG.
MAPAAEICMATA AlNO TO DATASET S3

COMMENT POLARITY | SEXISM CATEGORY
1 | «oog mapakal® KUpd HOU MOVTE MTAUVIE Kavd TILETO» Toxic Sexism 53
2 | «Zta KaTnynTika Sev URdpyouV ULKpd Kopitola yiati ta kopitola sival Toxic Sexism S3
HOpTUPLAPIKA. ... »
3 | «oraudra TN ykpivia, oo ykopeva kavels. Exsl pnalditoa Aéuen Toxic Sexism s3
4 | «RECPECT oto KopiToLa TOU GUUTTEPIPEPOVTE GOV KUPLES Kol oYL oav Toxic Sexism S3
moutaveg(l)»

Ymoriuntika oxoAia

H katnyopia S4 agopd oxOAia TTOU TTEPIEXOUV UTTOTIMNTIKEG EKQPAOEIC 1) TTPOCPOAEG
TTPOG TIG YUVAIKEG, CUXVA PE TN XPrON UTTOKOPIOTIKWYV, )] UTTOVOOUUEVWYV. € QVTIBEoN PE
TNV S1, 61mmou o1 TTPOCPROAEC gival WHPES Kal avoIXTEG, oTnV S2 n UTTOTIUNON €ival 1o
EUMECN Kal PTTOPEI va TTaPOUCIAleTal WG OXOAIO "KaAoTTpoaipeTo" | "OUUBOUAEUTIKO".
AuToU TOU €idoug Ta OXOAIO €VIOXUOUV TIG €EUQUAEG avioOTNTEG Kal uTToRaBui(ouv TIG
YUVQIKEG XWPIG VO XPNOIYOTIOIOUV aTTapaitnTa Xuddadia yAwood. EKTOg atmd 1n Xpron
UTTOTIUNTIKAG  YAWOOOG Kal TN XPon UTTOKOPIOTIKWY, JTTOPEI va €XOUME Kal
TTATPOVAPIOTIKA OXOAIO TTOU TTPOCTIaBoUv va kKaBodnyAoouv 1 va cupBouAéwouv TIg
yuvaikeg pe Tévo uttoTiunTikG. Evw n S1 mepIAauBAavel avoixTég Kal wHES TTPOOROAEG 1
Bpioiég, n S2 gival o éuueon Kal Oev xpnoiyoTrolei xudaia yAwoaoa.

«AUTA N KOTTEAITOO TO HOAOKOMOYVATN £XEI, KPIMO.»

— YTTOKOPIOTIKO TTOU UTTOTIUG TN yuvaika.

«AKouOoE€ JE, KOARN HOU, KOl UNV TTPOoTTafEig va okEPTECAI HOVN OOU.»
— [atpovapIoTikdS TOVOG e UTToTiuNoN TNG vonuoouvng.
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IMAPAAEICMATA AlO TO DATASET S4

COMMENT POLARITY | SEXISM | CATEGORY
1 | «kAeloaue pia wpa Soulsla Komela KOUpAoTNKES KloAag ayanoula;» Toxic Sexism 54
2 | «To Tounrep Kopirodki unapyst eSw kot Séxa Ypovia. Asv ekivnos Twpa.» Toxic Sexism sS4
3 | «BixTnke n pikpr kon afwa KAwagonsplotépa yia T "Sndev suvoikri poduion”. | Toxic Sexism s4

Av Sev BéAeL va acyoloUvran padi the va... KATOEL OTA aQuyd ThNe.»

4 | «H pavrauitoa Sev {Epei oute to mAsunAak sipai E§addn» Toxic Sexism s4

2e8IoNOg péoa ammd dpvnon, YAwooa TTou apveital Tnv Utrapén Slakpicewyv ,
SiIKaloAoyei TRV aviooTNTA TWV QUAWYV Kal UTTOTIMG £V YEVEl TA EU@UAQ nTAMATA.

H katnyopia S5 trepiAapBavel oxdéAia TTou UTTOTIMOUV 1] apvouvTal TN Onuacia Twv
EMEUAWY NTNMATWY Kal TwWV BIaKPpIicEWV TToU BILOVOUV Ol yuvaikes. Autd Ta oXOAia
ouxva TTpooTTabouv va dIKAIOAOYROOUV TNV avioOTNTA TWV QUAWY, au@IoBNTWVTAG TV
ommapén i TN ooPapdtnTa TNG CUCTNUIKAG KaTaTtrieong, d1aKpIoNng r Kakotroinong. H
YAWOOO QUuTAG TNG KaTnyopiag MTTOPEi va €ival QaIVOUEVIKA oudéTepn, aAAG oTnv
TTpaydaTikéTNTa UTTORaBNIel Ta EU@UAa TTPOPAAUATA, £VIOXUOVTAG TOV CECIONO PEOW
dapvnong.

«Kai yiari yuvaikokrovia kai 6x1 avdpokrovia;»

— Apvnon g €MPUANG Biag.

«Agv umrapyel ma avioornta. O1 yuvaikeS £xouv mePIOOOTEPA SIKAIWUATA ATTO
TOUG AVTPEGC.»

— YTTOTiuNoN TNG OUCTNUIKAG dIAKPIoNG.

MAPAAEICMATA Al1O TO DATASET S5

COMMENT POLARITY | SEXISM | CATEGORY
1 | «Ti gnuoawvsl #yvvoikoktovia Ymdpxel kol #avSpoktovia Metd nape kal ota | Toxic Sexism S5
unolowna véa ¢OAa LGTBQ kAn kKrovia»

2 | (o QPEUVIONOG Eivon oav T UTPOKoAo, axplagToc) Toxic Sexism S5

3 | «ot yuvaikeg sivar koprAedikée ke BAémouv oefioud mavrou oto Lgday 1L va Toxic Sexism S5
ouv»

4 | «Ou EMnveg avIpeg sva pia Yapa, vo EKTUSEVTETE TIC PEUVICTPLES Kopeg oag | Toxic Sexism 55

ver unv kavouv Weudsic katayyeAles k va kaTaoTpspouy urmoAny st
UNEPYEVIKEUVOVTAOC kloAac oTo ocuvolo Tou avipikou eAAnvikou mAnduouou. Kot
guyvoao

§exivaue ano to #metoo_otnv_ysipoun
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Eipwveia, XioUpop 1ToU YITOBOOKEI ZEEIONO

H karnyopia S6 trepIAapBavel oxoAla TTou eKQPACOUV OECIOTIKEG QTTOYEIG UE EUPECO
TPOTTO, CUXVA XPNOIUOTTOIWVTAG EIPWVEIA, «XIOUUOP» ] COPKACOKO. Z€ auTd Ta oXOAIa, o
OeCIOUOG UTTOPEI VO UNV €ival EPPAvNG 1 AUECA ETTIBETIKOG, AAAG dlagpaiveTal yEoa atro
TO TTAQIOIO, TIG UTTOVOOUUEVEG ATTOWEIC | TO «XIOUPOPIOTIKO» U®o¢. H yAwooa autwv
TWV OXOAiWV evioXUel EUQUAQ OTEPESTUTTA KAl AVIOOTNTEG, TTPOCTIABWVTAG CUXVA Va
ATTOQUYEI TOV AUECO XAPAKTNPIOHO WG OECIOTIKN.

«Ti gitre n §avBia Orav &ide Tov mivaka rou Mové; ‘Q, 11 wpaia xpwuara!’.»

—«XIoUJOp» TTOU UuTTovoei OTI oI &avBIEg yuvaikeg dev €xouv Thv IKAvOTNTA VA
EKTIUAOOUV TNV TEXVN KAl TNV KOUATOUPQ WPE TOV idI0 TPOTTO TTOU Ba €KAVE KATTOIOG
AAAoG.

«liari o1 yuvaikeg mavra Exouv 1i¢ KaAutepeg 16é€¢; lMolog EEpel, yiari TIC aKOUEl
Kaveic;»

— £UUECO OECIOTIKO OTOIXEIO, apoUu avatrapdyel TNV 10€a OTI O YUVAIKEG MIAAVE Kal
OEV TIG AKOUEI KAVEIG.

MAPAAEICMATA Al1O TO DATASET S6

COMMENT POLARITY | SEXISM CATEGORY
1 | «Otav pnaivelr wpaia ykopeva otn Bdlacoa onKwWvovTaL Kat Ta... KOpoTa» Toxic Sexism S6
2 | «0 efdypovog aviyiog cou T MEPTEL O 6Aa Ta KOPITTLO AKOUO KL OTa Toxic Sexism 56

ueyadutepa oto cyoleio.B1759

- To éépw TOV MAYQUE OTO YIOTPO.

- Kai rt gag gime;

- Ou ndoye! amo mpéwpn yumavarn.»

3 | «fnmiavog mAnowaler favdhid kupia oto KoAdwvdki kat AéeL Aev Exw @dzl Timota Toxic Sexism S6
técoepi NuEpeg Kupia pakdpl va eiya tn SUvaun va To KAV Kot EYwY

4 | «luvaika ps mAcotikn otdous: @o Bifoy.» Toxic Sexism S6

KATHIOPIA S7
OETIKOG OESICHOG

H kartnyopia S7 mepiAapBdvel oxoAia TTou @aivovtal KAAOTTPoaipeTa 1) BETIKA, aAAG TNV
TTPAYMATIKOTNTA  EVIOXUOUV €UQUAO OTEPEOTUTTA KAl TTEPIOPICOUV TIG YUVAIKEG O€F
TTAPadOOIOKOUG POAOUG 1] XAPOKTNEIOTIKG. Evw autd T1a oxOAa utropei  va
eKAauBavovTal wg KOUTTAIMEVTA, €xOouv Tn BAoN TOUG OE TTPOKATAANWEIS VIO TO QUAO Kal
AeIToupyoUv w¢ pia Mo ATt pop@r) oefiopol. O BeTIKOG 0e€IoudG, av Kal AlyoTEPO
EMOETIKOG, CUPPBAAAEl 0T dlaiwvion TNG avioOTNTAG, KABWS dnuIoupyEei TTPOCDOKIES yia
TO TTWG TTPETTEI VA CUUTTEPIPEPOVTAI O YUVAIKES 1) TToIa €ival n aia Toug, oTnPI(OUEVOS
O€ OTEPEOTUTTIKEG AVTIAAWEIG.

«OI yuvaikeg gival o uaiodnTes Kal TPUPEPES ATTO TOUS AVTPEG. »
— KaAoTrpoaipetn dnAwaon 1Tou evioXUEl OTEPEOTUTTA.
«Tig OHOPPEG YUVAIKEG EEPOUME VA TIG TTPOCEXOUME! »

— YTTOTIUNTIKOG £TTAIVOG TTOU CUVOEEI TNV Agia YE TNV EUPAVION.
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MAPAAEITMATA Al1O TO DATASET S7

ki
COMMENT POLARITY | SEXISM CATEGORY
1 | «Aev mavouv ol yuvaikes va ue eknmAjocouv moté! Tt mAaouaral» Toxic Sexism s7
2 | €O epepavioeis Twv "Kapudnidwy" tou ZUpida, CUYKEKPIUEVE THE KUpiag Toxic Sexism 57
NoromoUAou kot ths kupiag AXTaLéyAou anétpeav ue v KouotnTd Tous ™)
usrarpornn g yLoptrg tng Snuokpartiag o= "ylopract” "nAépuag” Snuokparing,
onwe¢ cupBaivel cuoTNUATIKG Ta TEAsUTALO Xpovic.
»
3 | «fpayuartike KYPIA n onuepwvi Toxic Sexism 57
OUrte tookapo, oUte aayAr, oUTE Kakid, oUTe goupyedo.
MrnpaBo tng »
4 | «amo ™ yuvaika nnyafouvv Ta KeAUTEpQ, Tt EUYEVECTEPOY Toxic Sexism 57

ENIZHMEIQZH 2TO EXCEL

Ta dedouéva TTeEpAOTNKAV OTO excel yia va TTpayuatoTroinBei n emonueiwon Kai £Xouv
TNV €§AG MOPYN PE 6 OTAAEG. ZTNV TTPWTN BpiokovTtal Ta tweets TTou 0 €MIONUEIWTAS Ba
KANOEi va emonuUEILOEl :

A B C D E F

1 I Tweet I POLARITY | SEXISM |CATEGORY|COMMENTS TYPE
2 AV yapunoou pwpry movtava Toxic Sexism 1 Direct
3 FKOMEVEG Kat POAOKLEG.. Kapia oag Sev afilel.. Mnéoa twpa! Toxic S S1 Direct
4 Exw oxkovIaWEL 0TO §POWO yLa va GOV QIaVIrOWw OTO MAVUHA Pwpr Ttot Toxic Direct
5 | Xayayaxayoxayaxe. AcxoAnBeite pe Ayo pe TG yuvaukeg oag kat adric Non Toxic
6 MuoTikd opopdLag amno pia povvapa Toxic Direct
7 |Zta 47 Aéw O, oL HoPEPOTEPES Katt OL MOVES Muvaikeg Tov agifouv oty T Indirect
8 | YUVOUKEG PIOTOOL NTaV PAK T
9 H v katapyel epyaciakd Sikawwpara kat 0 BoBpog tou MO avePalet au T
10 |vo mudmo cou Sev siys évraon-To siya oto mute N
11 KaAnpépa ota kopitola Ta opopda av Seite kappio pe Ahd padli ayka Toxic Indirect
12 | Ntponn Mwpn natcafoupa. Toxic Direct
13 0pa va ypadhw kan coPapo Girot pov. MHN avexeote ano kavévav MI T
14 O KaAUTEPOL CUMHOYOL EVAVTLA OTO KPUOAGYNpa, KpUBovTaL oTnv kouli Nor
15 | MeAétn yra v avamtuén g Kodadag twv TEUTWV EyLve;
16 Pe nandpa Ba yiverg avBpwmnog; Kat moutoa kat pulakri o€ kabe Mewpy To
17 |Zug 28.5.1952 Ot yuvaikeg amoktouv Sikaiwpa ekAéyew kat ekAéysoBa Nor
18 | To BéAw va Paw yra oeva ALt sivan KaAr) ardka yLa TECLHo Nor
19 H papd mg ZtéAag adplo 1o mpwi Aepwvikr) otnv Katepiva Kawoup
20 |Mayslpedw oTn KouTiva KAt pE TO TTOU ELpaL ETOLUOG VO KAvw TO TETayt N

_ 21 |OLypLEG OL TTOUTAVEG £XOUV TO {oUpL Toxic Sex S1 Direct
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BHMA 1°, Polarity

Apxik& o annotator diaBadel 1o tweet kai mMAEyeEl av TO oXOAIO gival TOEIKO, un TOEIKO N
avAKel oTnv Katnyopia «AaAAo». Or €TMIAOYEG €ival KAEIOTEG Kal TTPOKOBOPIOUEVES Yia
EUKOAIQ Kal emITaxuvon NG d1adIKaaiag.

A B

1 Tweet POLARITY | S|
2 |Avte yapnoou pwpr toutava Toxic |~}
3 |TKOpEVEG Kat paAakled.. Kapta oag dev agilel.. Mneoa twpa! Toxic )
4 Exw okovtayeL oto SpOpO yLa va GOV amavIriow OTO HAVURA HuwpPT) TIOY L -
5 | Xoyooyoyaaxaxaxet. AcyoAnBeite pe Alyo pe TLG yuvatkeg oag kat adpnio Other D
6 Muotkda opopdLag ano pia pouvvapa . .

7 | Zta 47 Aéw ot oL poPepOTePEC Kat oL poveg MNuvaikeg mov agiovv otnv Toxic Se»

BHMA 2°, Sexism

21N ouvéxela o annotator Ba kpivel €dv 10 oxOAIo gival 0€€IoTIKO. AuTO agopd uovo Ta
oXOAlo TTou €xouv polarity toxic. Ooa emmonueiwdnKkav wg other oTo TTponyoupevo BAPaA
Oev PeEAETWVTAI 0T ETTOMEVA BrAPATA, agou Ba agaipebouv oTo TEAOG atrd To dataset kai
00a £X0UV ETTIONUEIWOEI WG non toxic dev gival CECIOTIKA.

A B C
1 Tweet | poLaRITY [ SExism |cat
2 |Avte yapnoou pwpr moutava Toxic Sexism | v
3 | TKOMEVEG KOt MOATKLEG. . Kapta oag Sev afilel.. Mnéoa twpa! Toxic | Sexism
4 Exw okovtaeL oTo SpOpO yL va GOU QITVTHOW OTO HVUHK Hwpr) TIot Toxic .
5 | Xayoyoyaxoxaxaxa. AoYoAnBeite pe Alyo pe TG yuvaukeg oag kat adric Non Toxic  Svorsexsmm——
6 Muotkd opopdLag ano pia pouvvapa Toxic Sexism 52
7 |Zta 47 Aéw ot ot PpoPepOTEPES KaL OL pOVEG Muvaikeg ov agifouv otnv Toxic Sexism S7

BHMA 3°, Sexism Cateqory

E@oéoov 10 OxOAo €xel KpiBei OEeCIOTIKO, TOTE O ETTIONPEIWTNG TIPOXWPAEI OTNV
karnyoplotroinon (S0-S7) Tou cUP@wva e TIG 0dnyieg. Av TO OXOAIO €xel KaTaxwpnOei
WG non sexist dev OUUTTANPWVETAI TITTOTA O€ AUTO TO TTAQICIO KOl TINYQiVOUPE OTO
ETTOMEVO.

A B C D

1 Tweet I POLARITY | SEXISM (ATEGORYI(
2 |Avte yapnoou pwpr moutava Toxic Sexism |51 .
3 | TKOMEVEG Kot HOAUKLEG.. Kapia oag dev afilel.. Mnéoa twpa! Toxic Sexism S0

4 'Exw oxkovtayeL oTo SpOpO yLa v GOV QIavIriow OTO HIVUHK Hwpr) Ttot Toxic Sexism s1

5 | Xayayayayaxaxoxa. AoYoAnBeite pe Ayo Ke TLg yUVakeg oag kaw aprjo Non Toxic  Not Sexism| __

6 |MuoTika opopdLac ano pia pouvvapa Toxic Sexism i

7 Zta 47 Aéw o, oL poPepOTEPEC Kat OL pOVES Muvaikeg mov agifouv otnv Toxic Sexism S3

8 |YUVAUKEG UIMATOOL NTaV HAK Toxic Not Sexism| S4

9 H v katapyel epyactakd Sikatwpata kat o foBpog Tou NO avePdalel at Toxic Not Sexism| S5

10 1o muao oov Sev gixe Evraon-to ixa oto mute Non Toxic  Not Sexism| g6

11 KoaAnpépa ota kopitola ta opopda av Seite kappia pe A podhi ayka Toxic Sexism 57

12 |Ntpontn Mwpn ntatcafoupa. Toxic Sexism 5T
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BHMA 4°, Comments

Ta oxoAhia cival TTpoalpeTIKd, 0 annotator utmopei edw va ypdwel eAcuBépa OTIONTTOTE
gival Trpog oulATnon pe Toug GAAoug annotators.

A B C D
Tweet 1 POLARITY | SEXISM |[CATEGORY|COMMENTS

m

|Avte yapnoou pwpr novtava

Exw oKOVIAWEL 0TO SPOHO YL VA GOU AITAVTTIOW OTO HAVURA Hwpr) TTot Toxic
Xooycoyaoyooyoryary . AcyoAnBeite pe Ayo pe TG yuvatkeg oag kat adric Non Toxic

6 MuoTtika opopdLag ano pia pouvapa Toxic

7 |Zta 47 Aéw oT, oL poPepOTEPES Kat OL POVEG Muvaikeg mov agifovv otnv Toxic Sexism

BHMA 5°, Sexism Type

To PBAua autd Oev__a@opd Kal O&v  CUUTTANPWVETAI _a1mrd TOV _annotator.
ZUMTTANPWVETAI QUTOMOTA JECW MIOG OUVAPTNONG TToU £XEl ElI0axBei 0TO excel.

Ta ox6Aia 1mou avrikouv oTIG Kartnyopieg S1,S1,S3 emonueiwvovTal autopata wg
auecog oegloudg (Direct) evy Ta oxOAia TTou avhkouv OTIG KaTtnyopieg S4,S5,S6, S7
ETTICNMEILVOVTAI QUTOUATA WG EPUPECOG 0€CIonOG (Indirect).

A B C D E F
1 Tweet | poLarITY | sexism |cATEGORY|COMMENTS|TYPE
2 |AVTE yapnoou Hwpr moutava Toxic Sexisn 1 Direct
3 |Fkopeveg Kat PoAaKLeC. . Kapa oag Sev afilet.. Mnéoa twpa! Toxic Sexism 1 Direct
4 |Exw oxkovtaEL 0T SPOHO yLa vaL GOU QAVTTOW OTO MAVUHK pwpr) Ttot Toxic Direct
5 | Xayaryaryoyoxaoxaoxet. AoyoAnBeite pe Alyo pe TLG yuvatkeg oag kat adrio Non T Not S
6 |Muotkd opopdLag ano pia pouvapa Toxic Sexism p Direct
7 |Zta 47 Aéw o1y, oL PoPepOTEPEC KaL OL POveG Muvaikes tov agifouv otnv Toxic Sexisn Indirect
8 lvovmkse umaranl ntov ik To Nnt

O diaxwplopdS avaueca oTov AMECO Kal Tov EpMECO Oe§iIopo BacoileTtal oTnVv €vraon
KAl TN oa@nvela TnG OECIOTIKAG YAWoOoAg 1 ouutrepIpopds. O dApeEcOg OESICHOG
TTepINaUBavel @avepd €TIOETIKES 1] TTPOCPANTIKEG EKQPPACEIC TTOU UTTOKIVOUV Tn Bia, Tnv
KAKoTToinon r mn o€€OUOAIKA uTToBAOpIoON TwV yuvaikwy, OTTwg ol atrelAég (S0), ol
Bpioiég (S1), 4 N avTIKEIYEVOTTOINON KAl 0EEOUOAIKOTTOINON TWV Yuvalkwy (S2). Autda Ta
oXOAla gival avoixTd Kal eKQPAlouv APeca apvnTiIKA ouvaloBniuaTa rj CUPTTEPIPOPES
ammévavTl oTIC Yyuvaikeg. ATTO TNV AAAn, o éuuecog oe§iouog TTepIAapBdvel oxoAia i
EVEPYEIEG TTOU, €V Oev €ival TOOO aVOoIXTA ETTIOETIKA, QAVOTTOPAYOUV OTEPEOTUTTA,
UTTOTIMOUV 1] OIKAIOAOYOUV TIC avioOTNTEG QUAOU HE TTIO OUYKAAUUPEVO TPOTTO. AUTd Ta
oXOAla ptropei va TrepIAaPBAvouv oTepedTUTTA (S3), UTTOTIUNTIKA A TTATPOVAPIOTIKA
oxOAia (S4), oxOAia TTou apvouvTal TNV UTTAPEN QUAETIKWY BIaKpioewv (S5) 1 akoua Kal
glpwveia Kal xloupop TTou uttoBookel oeClopd (S6). O BeTikdG oe€lopog (S7), av Kal
ekQpalel BeTikd OXOAIO yia TIC Yuvaikeg, MTTOPEi va TrePIOPICeEl TIC YUVAIKEG O€
TTapadooliakoug poAoug, utrooTnpifovrag évav oegloTiIkG TPOTTo OKEWNG. O €uuEcog
0e€IoPOG €ival TTIo BUOKOAO va avayvwplioTel, aAA& TTapauével e€icou BAaBepOS Ye Tov
AuECO 0e€IoPG OTNV EVioXUON TWV AVICOTATWY QUAOU.

DECISION RULES

O emonuelwTtAG TTPETTEI va OKOAOUBE Co@eig KATEUBUVTAPIEG YPAPUES KAl va Egival
TTPOCEKTIKOG OTIG OTTOQPACEIS TOU KATA TRV ETMONUEIWON Twv oXOoAiwv. AkoAouBouv
YEVIKEG 0BNYiEC OUVOOEUNEVEG ATTO TTAPADEIYUATA YIA TIG TTIO TTEPITTAOKES TTEPITITWOEIG.
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O1 Tmrapammavw karnyopieg oeglopou (0-7) civar diaBaBuiopéveg 0 1O TTEPIOTOTEPO
ooBapd, aueco Kai eavepo Kai 7 To Aiyotepo cofapd. Otav o annotator €ival avaueoa
o€ 2 § KAl TTEPICOOTEPEG KATNYOPIEG APXIKA TTPOTEIVOUUE VA TTPOCTTOBNOEI avayVwPIoEl
TO KUPIO PVUHQ Tou oxoAiou (TTX TTPpooBOAR, acoTeio, KOPTTAINEVTO). AuTd BonBdcel o€ Eva
TTPWTO {EKABApIoua. O diaxwpIoudg o€ AUECO 1N EPUECO OECIOPO €TTioNG BonBdgl oTnv
emAoyr, KaBwg 6Tav UTTApXEl SIANPUA yia 2 KATNYOPIEG TTOU N Mia avhKel oTov AUECO
Kal N GAAn oTov €uueco Oe€CIond, N OKEWN av To OXOAIO QTTOTEAEI AUECO 1) €UPECO
oe€louo Bonbdel.

Av tmapdAa autd 2 kartnyopieg Ppiokovral TTOAU KOVTA UTTAPXEI N YEVIKI YPAUMN va
emAeyei wg label n Mo coBapn, cUPPWva PE TNV TTapaTTdvw Katdtagn. Av dnAadn eipal
avapeoa o 0 kai 1 Ba BAdAw 10 0. Aev BéAoupe Opwg utrepavdAuon atrd Toug
EMONMEIWTEG KABWG auTd TTou XpelaldpaoTe gival Kupiwg n diaiocbnon Tou @uOoIKoU
OMIANTA O1TOTE KAl KABE atrogacn PTTopei va gival dIaQOPETIKA avadAoya Pe TO ATOUO.
Mag evdia@épel TTOAU n ouvéTTEld OTIC aTTavTACEIG, av ETMAEEW OTI €va OXOAIo
OUYKEKPIPEVOU TUTTOU AVAKEI OTNV X KATNyopia, Ba @povTiow va To ThPprRow yia 6Ao To
OUVOAO TWV OEOOUEVWV.

2ZUuyva SIAQuuOTA Kal TpOTToC eTTiAUuoNC:

S2 i s7: Ny «Mwpn Zuapayda Kapudn moéoo pouvdpa sioai! »

MoAAG oxoAia TTapouaidlovTal wg BETIKA, dev €xouv OKOTTO va TTPooRAAAOUV WOTOCO N
OUYKEKPIPEVN €TTIAOYN AéEewv KATAARYEI 08 OEEOUOAIKOTTOINON 1 AVTIKEIUEVOTTOINON TNG
YUVQiKag.

S2:

To ox6Aio dev £xel KAAOTTPOQIPETO 1 £€10AVIKEUTIKO TOVO. AvTiBETa, €ival wud oeCOUaAIko
KAl QVTIKEIMEVOTTOIE TN yuvaika. H xprion g Aé¢ng «pouvapa» TTpoodidel évav Xudaio
XOPOKTAPO TTOU CUVOELETAI PE TN O€COUAAIKOTTOINCN Kal OxI JE "BeTIKG" oTepedTUTIA. AV
Kal TO OXOAIO @aiveTal «OETIKO» PE TNV €vvola TOU Baupaouou, dev £XEl KAAOTTPOAIPETO A
€€I0QVIKEUTIKO TOVO. ETmikevTpwveTal EekdBapa oTn 0egOUaAIKOTNTA Kal TN QUOIKN
EMPAVIOT, XWPIG Kauia avapopd o€ TTIPOCWTTIKA XOPAKTNPIOTIKA A agieg.

TNG XPOVIASH
S2:

AvTioTOIXO, OV KOI XPNOIYOTIOIEITAI BETIKOG TOVOG KOl ETTIKEVIPWVETAI OTN CWHMATIKN
EM@AvIoN TNG yuvaikag, n xprnon tng AéEng "KOAAZH" kal n epdon "n 1o o€¢l yuvaika"
ETTIKEVTPWVOVTAI OTO OELOUOAIKO TNG XOAPAKTNPIOTIKG, PEIWVOVTAG TNV OE QAVTIKEIUEVO
0e€OUOANIKAG  €A¢ng.  AuTO  eival  éva  TTOPAdEIYUO  AVTIKEIMEVOTTOINONG Kl
oeg¢ouahikotroinong (S2), agou n yuvaika TTapoucidgeTal Jovo PEoW TNG QUOIKAG TNG
EMPAVIONG XWPIS va AauBavovtal uttdywn ol AANEG TTITUXEG TNG TTPOCWTTIKOTNTAG TNG. Av
KOl WTTOPEl va pnv UTTapxel €MOETIKN YAWOOA, N QVTIKEIMEVOTTOINON TNG YUVAiKAG O€
auTd TO TTAQICIO gival CaPAG Kal EVIOXUEI TA OTEPEOTUTTA YUPW ATTO TNV EUEAVION KAl TOV
POAO TWV YUVAIKWV.

S$1 A4 S4 1 «Eioal xalh Kai axpnotn».
S1:
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To Tmapamdvw oxOAlo Ba ptropouce va BeswpnBei S1 aAaG kai S4 kaBwg ol
OUVYKEKPIMEVEG AECEIC TTOU  €xouv  €TTIAEyei dev  €xouv TTOAU  peydAo  apvnTiko
onuacioloyikd Bapog. QoTéC0, OTOXOG TOU PINVUMATOG €ival {EkABapa n TTPOoBOAr Kal
O¢ev atroteAei Eupeon ekdNAwon oegiouou.

S6 N S4 1y «MmpdBo, kopitadki, TTNPES SITTAwua odnynong, & »
S4:

To oxOAlo autd avAkel oTnv Katnyopia S4 yiati €xoupe €uPeon uTToTiunon, MEow
OXO0Aiwv TToU polalouv aBwa aAAd gival TTPocoPANTIKA.

S2 ) S4 ry «Emiong... Eocig o1 ykoueveg! MHN KANETE KAGE MEPA lNOAIA!»
S4:

O 06pog "YKOMEVEG" e€ival UTTOTINNTIKOG, KABWG XPNOIMOTIOIEITAI VIO VA MEIWOEN TIG
YUVQIKEG KAl VA TIG OTTOKAAECEI PE Eva PEIWTIKO OPO TTOU PEPVEI OE TTPWTO TTAAVO JOVOo
TO QUAO TOUG Kal Ol TNV TTPOCWTTIKOTNTA ) TNV aia Toug. To oxOAio auTd Ba putTopouce
va BewpnOei kal avTikelpevoTtroinon Kal TTOAG oxOAla Ye TN AEEn «YKOUEVA» QVAKOUV
OvTwg oTnVv Katnyopia S2. QoTd00, OTO CUYKEKPIYEVO TTAPABEIYUA OEV CUVODEUETAI [E
KAtrola AAAN AéEN TTou va evioxUel TN 0€COUAAIKOTTOINGN 1 TNV QVTIKEIMEVOTTOINON, EVW
gival yvwoTo OTI N OUYKEKPIYEVN AEEN Oev €XEl HEYAAO apvnTIKO onuacioAoyikd BAapog,
TOUAAXIOTOV UOVN TNG, KABWG XPNOIUOTIOIEITAlI CUXVA KUupiwg oTn yAwooa Twv social
media. MapdAAnAa, TO UQOG TOUG PNVUMPATOG WTTOPEl va BewpnBei TTaTtpovaploTiKG.
EtTopévwg, n utroTiunon TNG yuvaikag PEOW TNG YAWOOOG Kal TNG Xpnong tou 6pou
KYKOPEVEGY WTTOPEI va TO KaTaTagel oTnv Katnyopia S4, kKaBwg eival UTTOTIUNTIKO Kal
MEIWTIKO.

S0 A S6 X « T1 yaAdkag o mpiykntrag aro mapauubi tn¢ Xiovarng... Ekei mou ummopouoe
va éxel o€ xwpic ykpivia, Tnv {wvravewe QIAWVTAc TNV oT0 OTOUd. »

SO0:

Av Kal XpnOIKOTTOIEITalI MIa Pop®r} XIoUUOopP, TO TTapatTdvw oXOAIo Ba KaTnyoploTroinoeEi
w¢ SO, KaBwg TTPOKEITAl YIa OXOANIO TTOU KAVOVIKOTTOIEI Tr) 0€EOUAAIKN TTAPEVOXANGCN Kal
TTpowbei TNV KOUATOUpa Blacpou. Adyw a@evdg ooBaplTnTag KOl AQETEPOU TOU
TTaPATTAvVW Kavova yia diapaduion oegIoTIKwY OXoAiwv Ba etTionueiwdei wg SO.

S1 1 s2 Ny «lNaviwg KopiTola 10 va VIUVECQI Oa QTHVN ATTOUINNGCN QTAVNS TTOPVOOTAp
EIval TAAEVTO QTTO JOVO TOU. »

S2:

To oxOAio TTPOGRAAAElI TIC YuvaikeG PEOW TNG XPAONS Tou Opou "eTNvh atrouIunon
@PTNVAG TTOPVOOTAP", ava@ePOPEVO OTNV EUQAVION TOUG ME UTTOTIUNTIKO TPOTTO.
Xpnaoiyotrolei pia yAwooa 1Tou uttoBaBuilel Tn yuvaika o€ €va 0eEOUAAIKO QVTIKEINEVO,
Baoiouévo oTnV UQAvion Kal Tov TPOTTO VTUCiuatog. H ¢pdon aTTOOKOTTEI va UTTOVONOEl
OTI n yuvaika givalr amAwg éva o0eEOUOAIKO QVTIKEIPUEVO, XWPIG va Aaupavel uttown Tnv
TTPOOWTTIKAOTNTA A TIG AAAEG TNG IKAVOTNTES. To oXOAI0 auTd Ba uTTopouce va BewpnOei
kar  s1, kaBwg TrepIAapBavel  TPooBANTIKY yAwooa aAG TO  OTOIXEiO TNG
QVTIKEIMEVIKOTTOINONG Eival TTI0 €VTOVO.
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S4 1\ S3 11X « Tov éxel eUKoAN Auon yia k@mroio Adyo. Kai oTiC apx €S Tov wneide Kai EAsye
0cv KIVOUveUel... Mwpn twpa gipaote orous 10 dev Kai§ wneo utnke 1o éavBo oTov
EYKEQPAAO oou»

S3:

H xpnon 1ng Aé¢ng "MwpnR" cival ca@wg UTTOTIMNTIKA, KABWS XPNOIJOTIOIEITAI UE OKOTTO
Va MEIWOEI TO ATOPO OTO OTToio avagépeTal. QOTO00, TO OTEPEOTUTTO TTOU TTEPIAAUBAVEI
auTA n TTpdTaon «uTTNKE 10 {avBO OTOV E£YKEPAAO OOU», Eival TTIO €VTOVO KAl I AUTO
EMAEYETAI N KATNYOPIa S3.

S$1 1 S3 My «2KAZE MQPH KOTA TAMQ TO ZT1ITI 20Y. MTANE BAYE KANA NYXI»
S1:

Av Kal n TTPOTACN TTEPIEXEI KAl UBPIOTIKO AOYO KOl OTEPEOTUTTIO, Ba €TMAECOUNE va TNV
KATaTAEOUPE OTNV KaTnyopia s1, KaBwg gival o Kupiapxn.

S1 i S3 1y «O1 lNoutaveg...kepdifouv TNV NMPOXZOXH! O ZwoTeG KOTTEAEG...TOV
2EBAZMO!! #ainte_kouklitsa_mou»

S3:

H mpdétaon TtrepiAapBdvel kar UBPIOTIKO AECIAOYIO KOl OTEPEOTUTTIO TTOU aAPOPd TIG
yuvaikes. QoTO00 €TI0 N TTPOCBOAA €ival IO YEVIKA KAl OEV OTOXEUEI CUYKEKPIUEVA OE
éva TTpOowTTo, aAA& XpNOIYOTTOIEITAI VIO va evioXUOEl TO OTEPEOTUTTO, Ba eTTIoNUEIWOET
wg s3.

EmimtAéov emIoNUAVOEIC:

ZUPQWVA PE TIC YEVIKEC 0dnyieg TTou ©66NKav TTapatTdvw, ETTICNPEIWVW WS CEEIOTIKO
MOVO OXOAIO TTOU QvO@EPOVTAl O€ YUVAIKEG, KABWG TO QVTIKEIUEVO TnNG TTapoucag
épeuvag eivalr o O€CIONOG TTOU agopd  yuvaikes. 'ETol, o€CloTiIKG oxOAila TTou
arreuBuvovTtal oe AvOPEG, ETTICNUEILVOVTAI WG NoN sexist.

QoT1600, TTOANEG POPEC Eva OXOAIO UTTOPE va gival OECIOTIKO EUPECWS TTPOG YUVAIKEG,
TTAPOTI ATTEUBUVETAI OE AVOPEG.

M.x.

1. «Aaaa KaAé ueydAn kourooutroAd o Kwaorng.. oUTe Wioh wpa O UTTOPECE VA KPATNOE!
TNV TANPOQOpIa yia TNV TTAPTN TOU .. KAl TTwWS TNV €ide €101 oupBouAaropas ue GAouS K e
oAa..#exapsi»

2. «Auto TO ocoUpyeho OAKAG O NTAQu Oakpulel TTOU TOV BeAouv va JTTEl OTO
#SurvivorGR kal pag kavel otopl Ta pnvuuparta. Nar Tpiavtd@uAAe pag €TTEICEG yia TO
600 aviooppotro attention whore cicail AEN OEAOYME AAAO»

3. «eyw Ba tou éByala ta evrepa Ba Tov TUAIya K Ba Tov ewnva KOKOPETO! K.CaIO ...KATI
oav K £0EvA K TOV TOITTPA £XOUV KATAVTHOEl TNV KoIvwvia TTapddEIco OTa arroBpaouara
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OTOUC TPOUOKPATEC OTOUC (QOVIAOES Kal & KABe €id0¢ Aauoyio SuoTUXWS... MTTPdBOo oTn
KorreAid éxel kapudia indeed»

Kal oTIG 2 TTpWTEG TTEPITITWOEIG EVW OKOTTOG TOU OXOAIOU €ival n UTTOTiNNoN Tou
OUVOMIANTH, O OTToiog dev €ival yuvaika, XENOIMOTTOIoUVTAl AEEEIC KAl EKPPATEIC TTOU
XOPOKTNPICOUV Jia yuvaika. TNV TTPpWTN TTEPITITWON ETTIAEYETAI UTTOTIUNTIKG N A€gn
KOUTOOMTTOAQ, OXI KOUTOOUTTOANG, VW atTeuBuveTtal o€ avdpa. To oxOoAlo avatrapdyel To
OTEPEOTUTTO  OTI Ol YUVOQIKEG €ival KOUTOOUTTIOAEG KOl  XPNOIYOTIOIEl  QUTO  TO
XOPAKTNPIOTIKO yia va TTPooBAAEl Tov avdpa. AuTo To oXOAIO eVIOXUEI TO OTEPEOTUTTO OTI
TO KOUTOOUTTOAIO E€ival KUPIWG XOAPOKTNPIOTIKO TWV YUVAIKWY KAl TO MPETAPEPEl HE
apvnTikR xpold oTtov avdpa. H xprion tou 6pou "KOUTOOUTTOAQ" KAl N OUVOEDN TNG
OUUTTEPIPOPAG TOU AVOPA PE AUTO TO XAPOAKTNPIOTIKO YUVAIKWY TO KABIOTA 0a@wg £va
OXOAIO TTOU avrKel TNV KaTnyopia S3: ZTepedTUTTA.

21N OeUTEPN TIEPITITWON €VW Kal TTAANI TO OXOAIO avageépeTal ot €vav  Aavopa,
XpnoligoTrolgital o 6pog "attention whore", o o1roiog cuvrBwS xapakTnPilel yuvaikeg TTou
EMOIWKOUV UTTEPPOAIKA TTPOCOXN, OUVNBWG Ot OXEOn ME TNV EUPAVIOA TOUG N TN
OUUTTEPIPOPA TOUG. AV KOl TO OXOANIO QVOQEPETAI O€ Evav Avopa, XPNOIKOTIOIET Evav Opo
TTOU OUVOEETAI PE OTEPEOTUTTA VIO TIG YUVAIKEG, IDINITEPA yIA TV aAvAykn TOUG Yia
TTpoooxn. AuTG TO OXOAIo evioxuel Tnv avrisnyn OTI 10 "attention whore" eivai
XOPOKTNPIOTIKO TWV YUVAIKWY, KATI TTOU KOBIOTA TO OXOAIO O€CIOTIKO PECW TOU
OTEPEOTUTTOU TTOU AVATTAPAYEI.

21nv 3" mepiTTwon N epdon "umpdBo orn KotreAia éxel kapudia indeed" xpnOIMOTIOIE
MIa ékgpaon TTou TTapadociakd ouvdEeTal e avopikry duvaun kKal Bdppog. H avagopd
OTO va €X€l KATToI0G "Kapudia" cival éva oTEPEOTUTTIO TTOU OUVHBWS atTodideTal OTOUG
avopeg, KaBwg n epdon auTh XPENOIMOTTIOIEITAl yia va dnAwaoel BAppog, yevvaidtnTa N
ouvaun, XapakTnPIoTIKA TTou TTapadoaiakd BswpouvTal avdpikd. H xprion TS @pdaong
"uTTPARO oTn KOoTreAIA" Kai n évoTtaon Ot "éxel kapudia" ival pia TapadogoTnTa, yiaTi
EVW QVOQEPETAI OE MIO yuvaika, TNG atmodideTal €éva XAPOKTNEIOTIKO TTOU CuvhBwg
Bewpeital apoevikd. AuTh N avTipaon avamapdyel To oTEPEOTUTTO OTI N yevvalioTnTA A N
ouvaun e€ival XapoakTnPEIoTIKA TTOU AVAKOUV TIEPICOOTEPO OTOUG AVOPESG TTAPA OTIG
yuvaikes. Autd 1O OXOMNIO eviOXUEl TO OTEPEOTUTTO OTI O YUVAIKEG OEV AVAMEVETAl VO
EXOUV Ta idIa XAPAKTNPIOTIKA PE TOUG AVOPEG, OTTWG N «yeEVvVaIOTATA» A N «dUvaun», Kal
OUVETTWG, OTAV PIa yuvaika eKONAWVEl AuTEG TIG IBIOTNTEG, N KOIVWVIA TNV €GUUVEI yIa TO
YEYOVOG OTI "Eeelyel" atrd Ta ouvnBIoUEVa yuvaikeia aTepedTUTTA. ETTOPéVWG, KAl auTd
TO OXOAIO €ival O€CIOTIKO PECW TWV OTEPEOTUTTWY, KOBWGS €0TIACEl OTNV QVTIBEON Twv
QUAWV Kal gvioxuel Tnv avtiAnyn Ot KATToIa XApaKTNPEIOTIKA, OTTWG N yevvaiotnTa i n
duvaun, aviAKouv TTEPICOOTEPO OTOUG AVOPEG, EVW Ol YUVAIKEG TTOU Ta €KONAWVOUV
@aivovtal acuvABioTeS. To oxOAIo auTd avrkel oTnv Katnyopia S3: Z1epedTUTIAL.
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APPENDIX III

Final Prompts used in Context Learning Experiments:

PROMPTS

0 shot

{

"role": "system",
"content": (

"Eioar évag raéivountng Kai poAog oou gival va KpIiverg
av éva tweet gival oe€IOTIKO TPOC TIC yUVAIKES i Ox1. "

"Eva tweet c¢ivai 0€élOTIKO pOvo OTQV  UEIWVE,
TPOOLAAAel N uTTOTIUG TIC YUVAIKES AOYyw @UAouU. "

"ATTAvTa HOvo PE pia atro TIG £ENG ppdoelg:\n”
"- Nai, To tweet €ival 0€€IoTIKO.\n"

"- Oxl1, 10 tweet dev gival oegloTIKS."

2 shots

{"role": "user", "content": 'To tweet cival: "OUTE TO APEVTIKO va
Arav éAeog pwpn KoTalll"\nEival oe€loTIKO;'},

{"role": "assistant", "content": "Oxi, 10 tweet &ev eivai
O€EGIOTIKO."},

{"role": "user", "content": 'To tweet civai: "o1 yuvaikeg givai
TOAU KaAég Otav ¢Epouv TI BEAouv N Bev {Epouv ?0a ocag
vyeAdow...Aeg kai EEpouv TroTE.."\nEival 0€€I0TIKO;'},

{"role": "assistant", "content": "Nai, TO tweet civai
O€GIOTIKO."},
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4 shots
{"role": "user", "content": 'To tweet civai: "H oTiyuni ekegivn Tou
0éAgIg va Ta KAVEIG TTOUTAVA OAa K KABeoal TEAIKA OoTa auyd
oou..!!""\nEivail o€€loTiKO;'},
{"role": "assistant", "content": "Oxi, 10 tweet dev eivai
0€€IOTIKO."},
{"role": "user", "content": 'To tweet civai: "H képn Tng
«yuvaikag apdaxvneg» gival n 17xpovn @iAn Tng TTOoU TTRYAV
padi oto apTi"\nEival o€€IoTIKO;'},
{"role": "assistant", "content": "Nai, TO0 tweet civa
0€€IO0TIKO."},
6 shots
{"role":  "user", "content": 'To tweet civa: "Mwpn

CAQPPOKIOOHMEVN OMOQ@OBIKIO KOTa, ME TI 0a Roouv
EUXOPIOCTNHEVOG UE TO VA TOUG BAouv 2UETPA KATW ATTO TN
yn?"\nEivai o€gioTiko;'},

{"role": "assistant", "content": "Oxi, 10 tweet &ev eivai
0€€IOTIKO."},

{"role": "user", "content": 'To tweet ¢ivai: "To cwoTd Oa
Arave [WOMAN NAME ] ka1 [WOMAN NAME]Tnv mrapdadoon-
mapaAafi va TNV KAVOVE ME MAYIO YIO VO OUYKPIVOUUE T
UTTOUpYIKA TrpooovTa."\nEival o€gioTiko;'},

{"role": "assistant", "content": "Nai, TO0 tweet ceivai
0€€IOTIKO."},
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8 shots

{"role": "user", "content": 'To tweet civai: "Ti Aeg Bpe ocoupyeAo
NG Koivwviag!!! "\nEival o€€loTiKO;'},

{"role": "assistant", "content": "Oxi, 10 tweet dev eivai
0€€IO0TIKO."},

{"role": "user", "content": 'To tweet cival: "§avOid aAAd ¢Epel
T1 €ival opoaivt "\nEival o€¢ioTIKOG; '},

{"role": "assistant", "content": "Nai, To tweet eival ce€loTIKO."}
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APPENDIX IV

Results on Val Set for BERT fine-tuned with Class weights and partial fine-tuned
BERT:

o
of 0, 1

Fine-tuning GreekBERT 0.912/0.843/0.876 0.561/0.712/0.627 0.736/0.778/0.752 0.815
with class weights

Partial Fine-tuning 0.779/0.669/0.874 0.571/0.017/0.034 0.675/0.507/0.454 0.778
GreekBERT
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