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Abstract. This paper presents a comparative study of machine learning models
for detecting abusive messages, focusing on code-mixed data in Wolof and French
languages. With the increasing use of digital platforms, there has been a surge
in derogatory comments, necessitating effective detection strategies. The study
introduces a meticulously annotated dataset of 2022 Twitter tweets, manually
classified as abusive or not. Extensive experiments are conducted with various
machine learning algorithms, including deep learning, with a focus on comparing
their performance on the test dataset.
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1 Introduction

The number of digital platform users has significantly increased [1]. The exponential
increase, combined with the unregulated nature of social media usage, has facilitated
the widespread spread of abusive messages. Abusive language encompasses a range
of expressions that include excessive, false, exaggerated, or attacking communications
directed at individuals or groups based on attributes such as race, ethnicity, or sexual
orientation [2]. The statement “i aint never worried bout no nigga” can be considered
a racist expression. Categorizing messages into distinct forms of abuse presents a clas-
sification obstacle when it comes to identifying abusive language [3]. As a result, these
discourses that promote antisocial behavior require substantial actions from govern-
ments, companies, and other organizations to develop efficient strategies to counteract
them [4]. Several methods have been suggested to control such behaviors [5, 6]. Never-
theless, users are progressively utilizing evasion strategies such as message camouflage,
abbreviations, phonetic input, and code mixing, which make manual analysis and mod-
eration more challenging, especially considering the immense volume of information
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being shared on social media platforms. Therefore, there is a pressing need for the
automated identification of offensive messages.

While there has been a significant amount of research conducted on this matter for
languages that have abundant resources, such as English and French, there has been
relatively little effort dedicated to languages that have limited resources. Furthermore,
there has been a lack of focus on identifying abusive messages in code-mixed data.

In order to fill this gap, we introduce the first annotated collection of Wolof-French
code-mixed texts, which has been specifically created for the purpose of identifying
abusive messages. Following that, we proceed with a sequence of experiments utilizing
various machine learning (ML), deep learning (DL), and language models. The results
of these experiments provide insight into the most efficient models within this distinct
linguistic and contextual environment.

The following sections of this paper are structured as follows: Sect. 2 explores
previous research on identifying offensive messages. Section 3 offers a comprehensive
understanding of the corpus’s construction and annotation process. Section 4 provides
a comprehensive account of the experiments carried out using different models on our
annotated corpus and analyzes their outcomes.

2 Related Work

In this section, we present related work on the detection of abusive messages which
can be classified into three approaches: linguistic approach, ML-based, and DL-
based approaches. Additionally, research conducted on low-resource languages and
code-mixing is discussed.

2.1 Linguistic Approach

Linguistic approaches exploit different manually defined features. These include word
lexicons, dictionaries, and so one. These features can be related to the number of offensive
words used, hashtags, personal pronouns used, word distance metrics. In [7], the authors
focus on users who openly display their hateful emotions in tweets using the sentence
structure: “I < intensity > < user’s intention > < target of hate > “. In [8], the
authors address the subjective aspect of tweets and construct a word lexicon to perform
a classification of hate into three distinct categories (highly hateful, mildly hateful, or
non-hateful).

Although the results of these methods are satisfactory, they faced with manual depen-
dency (definitions from dictionaries, lexicons, etc.). In addition, their performance is
limited when faced with low-quality texts, such as spelling mistakes, phonetic input,
etc. [5]. Furthermore, the use of certain terms (e.g., “nigger”’) may not be racist, requir-
ing a contextual analysis of the content. Research conducted using this approach has
focused on a specific type of abusive speech (hate [7, 8], racism [5], Offensive [3], sexist
[9], etc.), a specific platform (twitter [2], etc.), or a particular language (english [3],
arabic [2], etc.) due to its inability to be generalized.
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2.2 Machine Learning-Based Approach

Several machine learning algorithms were explored in order to classify abusive messages:
Support Vector Machine (SVM), Naive Bayes (NB), Logistic Regression (LR), Random
Forest (RF) and so one. These classifiers were used with various features: bag of words
(BOW), word or character n-grams, TF-IDF, etc. In [5], for example, the authors trained
NB classifier with BOW features to perform a binary classification (racist or non-racist).
In [9], the authors focused on sexist messages using SVM to classify tweets as hostile,
benevolent, or other. The detection of anti-migrant discourses was studied in [10], using
different classifiers with various feature extractors. Their model using word n-grams
achieved the highest score.

Hate speech has also been studied, particularly in [11], where hierarchical regression
models are used. The authors determine the amount of hate speech associated with a
person through personal characteristics such as party affiliation, gender, or ethnic origin.
In [12], the authors used patterns and unigrams as input features with several classifiers
(NB, KNN, SVM, RF) to perform binary and ternary classification on a test dataset of
2010 tweets. Their best model achieved an accuracy of 87.4% for binary classification
(offensive or not) and an accuracy of 78.4% for ternary classification (hateful, offensive,
or clean). In [13], the authors experimented several classifiers with different features
such as 3 to 5-g, unigrams, bigrams, linguistic features (average word length, punctuation
count, comment length, etc.), and syntactic features to identify online hate content. They
showed that models using n-grams features yielded good results, but their combinations
with text extensions were more performant.

These different propositions allowed improving classification performance of tweets
across a wide range of abusive message types. The supervised approach focuses on a
set of features that will be used by machine learning algorithms. However, the different
types of abusive messages in tweets lack discriminative features. Even though these
studies obtained promising results, we noted degradation of their performance in other
cases of abusive remarks.

2.3 Deep Learning-Based Approach

The use of deep learning approaches is justified by their ability to learn new feature rep-
resentations from input data. The input data can be raw data or feature embeddings. Thus,
the different operations performed on the stacked layers of these deep neural networks
allow the classification of tweets, and the results show that they are more effective for
this task. Among the studies in this approach, Chiril [14] explored in his doctorate thesis
deep learning models such as BERT, FlauBERT, CNN, and Bi-LSTM with attention in
the automatic detection of abusive messages, particularly for sexism. In [15], the authors
introduced the treatment of polysemy, syntax, semantics, out-of-vocabulary words, as
well as sentiment information combined into an input vector to a neural model (Bi-
LSTM) to detect hateful messages and abusive language on Twitter. The authors in [16]
addressed the problem under a more general approach by proposing a unified method
for classifying tweets into different categories (hate speech, sexism, racism, bullying,
sarcasm). They proposed DL-based model that allowed the identification of these differ-
ent categories of abusive messages without requiring model tuning for each case. In [4],



Comparative Study of Machine Learning Models 255

the authors explored the use of lexical extensions (word2vec, GloVe, ELMo,) and graph
extensions (neural networks) for the detection of abusive messages. The evaluation of
their models showed a clear improvement of performance when combining lexical and
graphical extensions.

Other works combined ML-based and DL-based models. In [17], a set of features
were used with SVM, CNN, and Multi-layer Perceptron (MLP) to perform binary classi-
fication (hateful or non-hateful). The authors in [18] focused on the treatment of hateful
metaphors as features to identify hate speech and their targets in Dutch comments on
Facebook. Evaluation of SVM, BERT, and RoBERTa models shows that the features of
hateful metaphors increase the classification performance of hate speech. In [19], the
authors collected a set of 197,566 comments from different platforms (YouTube, Red-
dit, Wikipedia, Twitter) and used several feature extractors (BOW, TF-IDF, word2vec,
BERT) with classifiers (LR, NB, SVM, XGBoost, NN) for hate detection. Text exten-
sions provided by BERT had a greater effect on the classification of tweets. In addition,
the XGBoost model achieved the best F-measure of 0.92.

DL-based approaches improved the performance of the state of art in detecting abu-
sive messages. However, despite the diversity of abusive message cases (hate, offense,
cyberbullying, trolling, misinformation, etc.), most of existing works focus on one
case by conducting binary classification (e.g., hateful or non-hateful). Furthermore, the
majority focus on one rich-resource language (English, Arabic). Thus, detecting abusive
messages is challenging, particularly in low-resource languages.

2.4 Low-Resource Languages and Code Mixing

Over the past few decades, many studies have addressed the detection of hate speech
in low-resource languages. These languages are characterized by a scarcity or lim-
ited availability of high-quality annotated dataset [20]. In certain languages, there is
the practice of incorporating characters or words from Latin derivatives through bor-
rowing. This phenomenon is called code mixing. Several works have addressed these
languages and linguistic phenomena. In [21], the authors proposed new method for
detecting hate messages in Hindi-English code-mixing data. Their method involves
using word embeddings with FastText to feed SVM and radial basis function (RBF)
models. Their results showed that FastText produces much better representations than
word2vec and doc2vec. In [22], the authors reported a comparative study of different
transformer architectures on Hindi-English code-mixed texts for sentiment analysis,
emotion recognition, and hate speech identification. The results of code-mixed models
(HingBERT, HingRoBERTa, HingRoBERTa-Mixed, mBERT) were compared to mod-
els without code mixing (ALBERT, BERT, and RoBERTa). This study revealed notable
performances of the HingBERT model and very low performance of the BERT model.

Other works focused specifically on certain dialects or low-resource languages with-
out studying code-mixing. In [23], the authors proposed DL-based approach for detecting
hate speech in Algerian dialect written in Arabic. This study was conducted on a corpus
of 135,000 tweets annotated into two classes (hateful and non-hateful). The authors in
[24] studied hate speech against women on YouTube. A corpus annotated by three anno-
tators is used to train CNN, LSTM, and Bi-LSTM models. The CNN model achieved
the best F-measure of 0.86. In [25], the authors studied offensive and abusive speech in
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Facebook comments written in Algerian dialect in Arabic. Bi-LSTM, CNN, FastText,
SVM, and NB models were used on a corpus of 8,700 tweets annotated as normal,
abusive, and offensive.

These studies represent major advancements for these languages. They have led to
the creation of annotated corpora for hate speech detection and the proposal of models
with promising performance. However, this aspect remains to be studied in many other
low-resource languages. This is the case for Senegalese comments where code-mixing
is prevalent (English/French + Wolof). To our knowledge, Wolof, which is spoken by
nearly 90% of the population, does not have annotated textual data for abusive messages
detection [26].

In the following section, we present a dataset of Wolof/French code-mixing collected
from Twitter and the annotation process of this dataset.

3 Data Collection and Annotation

The construction of high-quality dataset is a challenging and time-consuming task, espe-
cially for the unofficial languages like Wolof. Most users of this language do not strictly
follow spelling and grammatical rules. In addition, French-Wolof mixing codes is widely
used in social medias. This makes the available texts very heterogeneous and difficult to
exploit.

In this work, we used the twint', an advanced Python scraping library, to collect
tweets from Twitter. Twint allows scraping tweets from Twitter without using the Twitter
API, which has limitations (3200 tweets per request for example).

A collection of 144,225 tweets from January 1, 2021 to May 31, 2023 was extracted.
The extraction of these tweets includes keywords (e.g. World Cup, racist, politician, etc.),
location or proximity (e.g. Senegal, Qatar, Cameroon, Morocco, Ghana, Algeria, Tunisia,
Africa; etc.), person (e.g. Aliou cisse, Macky Sall, Ousmane Sonko, etc.), language (e.g.
French) and so on. The queries launched for data collection enable coverage of tweets
related to various domains, people, localities and over a specific time period. They also
help to resolve class imbalance issues. The raw data collected contains both monolingual
and multilingual data. Identifying the language in the messages is an integral part of
our annotation process. Thus, we only consider tweets with Wolof-French code mixes.
Since, to our knowledge, there are no resources available for abusive message detection
on Wolof-French code-mix data, we are striving to produce one of the first coarse-
grained datasets for abusive speech in Wolof-French. The annotation process includes
pre-processing steps, such as the removal of emojis, URLs, hashtags and so on. The
deletion of these entities is actually due to their lack of relevance to the analysis of the
code-mix aspect under study.

Due to the lack of human resources for annotation, we had to annotate the corpus
ourselves. As we are native speakers of Wolof and have a background in French, we
see ourselves as endowed with the ability to understand both languages. In addition to
the subjectivity of abusive message detection, we drew on the definition in [3] “Abusive
language includes all excessive, false or attacking communications towards a person

L https://github.com/twintproject/twint.
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or group of people on the basis of characteristics such as their race, ethnicity, sexual
orientation, etc.” to annotate the corpus.

Thus, we annotated 2022 tweets manually for the detection of abusive messages.
The annotation concerns two (2) classes: class 0 for non-abusive messages and class 1
for abusive messages. The corpus consists of 1069 tweets from class 0 and 953 tweets
from class 1. Table 1 shows examples of annotated messages from our Wolof-French
code-mix corpus. Text highlighted in red corresponds to words in Wolof and text in blue
corresponds to words in French.

Table 1. Examples of messages from the annotated corpus

Label  Tweets Tweets translated into English
1 La manifestation de la société civile: Civil society protest: "Our billions will
« Sunuy milliards du reesss » not be tolerated".

Otherwise I haven't heard anything

Sinon concert casserole bi tay degouma
today about the saucepan concert, or

0 dara deh wala sama site bokoul ci

senegal maybe my neighbourhood isn't part of

Senegal.

My brain bugged when I heard this
Mon cerveau a bug en entendant cette ’ £8

= sentence. There is certainly another
1 phrase. Xamna daf am benen Senegal Y

T = senegal different from the one we see in
bou outek bini guiss. Sacré keur 5

Sacré Keur.
Maky deh dafa yakar ni senegal new- Macky thinks Senegal is like the United
0 york leu . Discours bi on dirait deuk bi States. His speech sounds like
lep nice alors que non everything is impeccable, but it's not.

This resulting annotated dataset is then used to conduct experiments with different
ML, DL and language models.

4 Experiments

In this section, we present the evaluation of the different models on our annotated dataset
and compare their results. The first subsection present experiments with ML algorithms
while the second report experiments with DL algorithms. The last subsection provides
the results obtained by different language models. In each of the experiments, 70% of
the dataset is used for training and 30% for evaluating the models. Precision, Recall, and
F-measure as well as accuracy are used as evaluation metrics.

Machine Learning (ML) Algorithms. Seven ML algorithms were used: SVM, KNN,
Decision Tree (DT), NB, RF, LR, and the Multi-Layer Perceptron (MLP). In addition, we
experimented five (5) boosting algorithms (Cat Boost, LigthGBM, XGBoost, AdaBoost
and Gradient Booster) as well as three (3) voting ensemble models (hard vote, soft vote
and weighted vote). In the different experiments, we used four vectorization tools: TF-
IDF, BOW, 2-g and word2vec. Table 2 presents the results of the top five algorithms,
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ranked in order (based on their accuracy) with the previously mentioned vectorization
tools.

Table 2. Results of the top five ML algorithms according to the vectorization

Evaluation Measures Precision Recall F-measure Accuracy

Feature Algorithms |0 1 0 1 0 1 X

Extractors

TF-IDF Naive Bayes [0.68 0.72 [0.79 |0.59 [0.73 0.65 0.70
Logistic 0.67 |0.71 078 ]0.59 0.72 0.64 0.69
Regression
SVM 068 [0.68 074 |0.62 |0.71 0.65 0.68
MLP 0.67 |0.68 073 |0.61 |0.70 0.64 0.67
Random 0.65 |0.70 |0.78 |0.54 |0.71 0.61 0.67
Forest

Bag Of MLP 0.68 |0.73 |0.80 [0.59 |0.74 0.66 0.70

Words Naive Bayes [0.70 | 0.68 |0.71 |0.68 |0.70 |0.68 |0.69
SVM 0.67 |0.71 0.78 |0.58 0.72 0.64 0.69
Logistic 0.66 |0.72 |0.81 [0.55 |0.72 0.62 0.68
Regression
Random 065 |0.75 |08 [049 |0.73 0.60 0.68
Forest

Ngram 2 Logistic 0.62 |083 (093 |0.38 |0.74 0.52 0.66
Regression
Naive Bayes |0.64 |0.68 [0.78 [0.52 |0.70 0.59 0.65
SVM 059 075 090 034 |0.71 0.46 0.63
MLP 059 074 090 |031 |0.71 0.44 0.62
XGBoost 058 082 (095 [0.26 |0.72 0.39 0.62

Word2vec | Naive Bayes |0.69 | 0.68 |0.71 0.65 0.70 0.66 0.68
Logistic 0.66 |0.72 |0.81 [0.54 |0.73 0.62 0.68
Regression
CatBoost 065 |0.77 |0.86 [049 |0.74 0.60 0.68
SVM 065 |0.69 |0.76 |0.56 |0.70 0.62 0.67
Random 0.64 |0.72 |0.82 [0.50 |0.72 0.59 0.67
Forest

The top five models yielded good results with accuracies ranging from 0.63 to 0.70.
The results obtained with TF-IDF, BOW, and Word2vec features are quite similar while
with the 2-g feature (2 words) the results are much lower in accuracy but higher according
to the precision. This can be explained by the fact that the words that determine the abuse
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are mostly represented in multiple words (bi-grams). Overall, the NB, LR, and SVM
algorithms got the best performances with 0.70, 0.69, 0.65, and 0.68 for NB, 0.69, 0.68,

0.66, and 0.68 for LR, and 0.68, 0.69, 0.63, and 0.67 for SVM respectively with the

TF-IDF, BOW, 2-g, and Word2vec feature extractors.

Deep Learning (DL) Algorithms. We present the results obtained on different combi-
nations of DL algorithms with features extracted with TF-IDF. First, eight (8) combina-
tions of DL algorithms were explored: CNN (Convolutional Neural Network), RNN
(Recurrent Neural Network), GRU (Gated Recurrent Unit), Seq2seq, LSTM (Long

Short-Term Memory) with 1 layer, LSTM with 1 layer + dropout, LSTM with 2 layers

+ dropout, and Bi-LSTM. Then, attention layers were added to these models. Table 3

presents the results obtained by the DL models.

Table 3. Results of DL models

Evaluation Measures Precision Recall F-measure Accuracy
Attention | Algorithms 0 1 0 1 0 1 X
Without Bi-LSTM 068 070 |0.75 |0.62 |0.71 |0.66 |0.69
attention |y STM 4 dropout | 0.67 |0.71 078 057 072 | 0.63  0.68
LSTM with 2 0.67 |0.68 |0.74 |0.60 |0.71 |0.64 |0.68
layers + dropout
Seq2seq 068 0.67 |0.72 |0.62 |0.70 |0.65 |0.67
CNN 0.65 0.69 |0.78 |0.55 |0.71 0.61 0.67
GRU 066 |0.64 |0.69 |0.61 |0.67 0.63 |0.65
LSTM with 1 0.61 |0.59 |0.55 0.63 0.57 0.60 0.60
layer
RNN 054 |0.50 |0.55 049 |054 |049 |0.52
With LSTM + dropout |0.69 |0.73 [0.79 0.61 |0.74 |0.66 |0.70
attention |y SN with 2 063 1070 081 049 071 058 |0.66
layers + dropout
CNN 066 075 |0.83 |054 074 |0.62 |0.69
GRU 0.68 |0.72 |0.78 |0.60 |0.73 |0.60 |0.69
LSTM with 1 0.65 |0.68 |0.76 |0.56 |0.70 |0.61 |0.66
layer
RNN 060 |0.80 |092 |033 |0.73 047 |0.64

Experiments on deep learning algorithms showed that CNN (0.67) and seq2seq (0.67)

algorithms outperform the RNN (0.52) algorithm as well as its variants GRU (0.65) and
LSTM (0.60). However, adding a dropout layer (0.68) or an additional layer to the LSTM

model allows to improve its performance (0.68) compared to CNN and Seq2seq models.
The extension of LSTM, Bi-LSTM, achieved the best results (0.69 of accuracy).

259
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Adding attention layers increases the performance of each model. Thus, the LSTM
+ dropout model gains 2 more points in accuracy, the CNN gains 3 more points, the
GRU gains 4 more points, the single-layer LSTM gains 6 more points, and the RNN
model gains 12 more points.

Language Models. A series of experiments were conducted on five families of language
models: multilingual models, monolingual models for English, monolingual models for
French, monolingual models for Wolof and a bilingual French-Wolof model. All these
models are available on https://huggingface.co. Table 4 presents the results obtained by
language models in each category.

Table 4. Results of language models

Evaluation Measures Precision Recall F-measure Accuracy
Characteristic | Algorithms 0 1 0 1 0 1 X
categories
Multilingual bert-base-multilingual-uncased 0.80 | 049 | 046 |082 |0.58 0.61 0.66
bert-base-multilingual-cased 0.74 | 050 |0.55 |0.69 |0.63 0.58 0.62
xlnet-base-cased 0.65 | 063 | 091 |025 |0.76 0.35 0.65
Distilbert-base-multilingue-cased 0.74 | 058 |0.72 | 0.61 |0.73 0.60 0.68
xlm-roberta-base 0.73 | 053 |0.65 |0.63 |0.69 0.58 0.64
google/electra-small-discriminator 0.73 | 0.51 0.60 | 0.66 | 0.66 0.57 0.62
English roberta-base 0.87 | 041 |0.13 |097 |022 0.58 0.45
monolingual o hase-cased 071 053 |0.69 | 056 070 |054 |0.64
bert-base-uncased 0.79 | 0.51 0.53 | 0.78 | 0.65 0.62 0.63
albert-base-v2 072 | 051 |0.62 |0.62 |0.66 0.56 0.62
vinai/bertweet-base 0.78 | 044 |0.28 |0.88 | 041 0.58 0.51
flaubert/flaubert_base_cased 0.76 0.54 0.63 | 0.68 | 0.69 0.61 0.65
flaubert/flaubert_base_uncased 0.64 | 040 | 043 |0.66 | 048 0.50 0.49
French dbmdz/bert-base-french-europeana-cased 0.75 | 057 |0.70 | 0.63 | 0.72 0.60 0.67
monolingual dbmdz/electra-base-french-europeana-cased-discriminator | 0.76 | 0.50 | 0.52 | 074 | 0.62 0.59 0.65
dbmdz/electra-base-french-europeana-cased-generator 0.69 | 055 |0.75 | 048 |0.72 0.51 0.62
claudelkros/bert-base-french 072 | 048 |0.53 | 067 |0.61 0.56 0.59
geotrend/bert-base-fr-cased 0.74 | 048 |049 |0.73 |0.59 0.58 0.58
camembert-base 0.79 |0.53 |0.57 |0.76 | 0.66 0.62 0.65
abhilash1910/french-roberta 0.61 039 |0.72 |029 |0.66 0.33 0.55
Monolingual davlan/bert-base- multilingual-cased- finetuned-wolof 0.75 | 055 |0.67 |0.65 |0.71 0.60 0.66
Wolof abdouaziiz/ bert-base- wolof 080 |0.52 |0.54 | 079 |0.64 063 |0.63
abdouaziiz/so raberta 0.69 | 051 |0.67 |054 |0.68 0.52 0.62
Bilingual (Wolof / French) 0.73 | 053 |0.65 |063 |0.69 0.58 0.64

The results obtained for class 0 (non-abusive) are very good, while those for class 1
(abusive) are very poor. However, the “Distilbert-base-multilingual-cased” model (mul-
tilingual) obtained the best f-measurement, i.e. 0.68. It was closely followed by the
“dbmdz/bert-base-french-europeana-cased” model (monolingual French) with a fmea-
sure of 0.67, then the “bert-base-multilingual-uncased” model (multilingual) and the
“davlan/bert-base- multilingual-cased- finetuned-wolof” model (monolingual Wolof)
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with a f-measure of 0.66. While the best accuracies for class 1 (abusive) are obtained by
multilingual models (“xInet-base-cased” (0.63) and “Distilbert-basemultilingual-cased”
(0.58)). Assuming that the results obtained are close and mixed as a function of the mea-
sures, we can note that multilingual models are more stable than other language models
as a function of precision for class 1 and accuracy.

In summary, we noted that classical ML algorithms, such as NB, SVM and LR
with TF-IDF or BOW features, achieve comparable results to certain DL models with
attention (LSMT + dropout, CNN, GRU). However, their results remain significantly
superior to other models, especially language models, particularly in class 1 (abusive).
This can be explained by the fact that language models are trained on large quantities of
data, which are mostly non-abusive. Whereas for deep learning algorithms, they require
more data to learn more complex data representations.

5 Conclusion and Future Work

The need for effective automation in identifying abusive messages on social media
requires a proactive strategy. This study examines the scope of social media abuse,
including cyberbullying, offensive language, trolling, and hate speech, providing a sum-
mary of relevant research. We have created a carefully annotated dataset consisting of
2022 tweets, which have been categorized into two classes for the purpose of detecting
abusive messages. By conducting numerous experiments using various models and fea-
ture extractors on our distinct mixed-code Wolof-French dataset, we have determined
the most efficient methods within this particular context.

In the future, our efforts will focus on expanding the dataset and developing novel
strategies to tackle an important question: When faced with limited resources and code
mixing, it is crucial to prioritize specific aspects in order to effectively identify abusive
messages. This ongoing investigation is positioned to not only improve our comprehen-
sion of identifying abusive content in various languages and limited-resource settings,
but also to enhance the efficiency of automated systems in tackling this widespread
societal problem.
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