People's Democratic Republic of Algeria
Ministry of Higher Education and Scientific Research
University Larbi Tébessi - Tébessa o
LI i L Faculty of Exact Sciences and Natural and Life Sciences lHI a1

LARBI TEBESS! UNIVERSITY .TEBESSA LARBI TEBESS! UNIVERSITY .TEBESSA

Department: Mathematics and Computer Science

A Dissertation Submitted in Partial Fulfillment of the

Requirement for Master’s Degree in Computer Science

Specialty: Systems and Multimedia

[ An efficient Hate Speech Detection from Arabic Tweets ]

Presented by:
Haouaouchi Kheir Eddine
Supervised by :

Dr. Daouadi Kheir Eddine

Dr. Boualleg Yaakoub

In front of jury composed of :

Mr.Zemmar Ammar MAA Larbi Tebessi University President

Mr.Zebdi Abd EI Moumen MAA Larbi Tebessi University Examiner

Year:

2021/2022




ii

Abstract

Today, hate speech classification from Arabic tweets has drawn the attention
of several researchers. Many systems and techniques have been developed
to resolve this classification task. Nevertheless, two of the major challenges
faced in this context are the limited performance and the problem of im-
balanced data. In this study, we propose a novel approach that leveraged
ensemble learning and semi-supervised learning based on previously man-
ually labeled. We conducted experiments on a benchmark dataset by classi-
tying Arabic tweets into 5 distinct classes: non-hate, general hate, racial, reli-
gious or sexism. Experimental results show that: (1) ensemble learning based
on pre-trained language models outperforms existing related works; (2) Our
proposed data augmentation improves the accuracy results of hate speech
detection from Arabic tweets and outperforms existing related works. Our
main contribution is the achievement of encouraging results in Arabic hate
speech detection.
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Résumé

Aujourd’hui, la dlassification des discours de haine a partir des tweets arabes
a attiré l'attention de plusieurs chercheurs. De nombreux systeémes et tech-
niques ont été développés pour résoudre cette tiche de classification. Néan-
moins, deux des défis majeurs rencontrés dans ce contexte sont les perfor-
mances limitées et le probléme des données déséquilibrées. Dans cette étude,
nous proposons une nouvelle approche qui tire parti de ’'apprentissage d’ens-
emble et de I'apprentissage semi-supervisé basé sur des étiquetages manuels
préalables. Nous avons mené des expérimentations sur un ensemble de don-
nées de référence en classant les tweets arabes en 5 classes distinctes : non-
haine, haine générale, racial, religieux ou sexisme. Les résultats expérimen-
taux montrent que : (1) 'apprentissage d’ensemble basé sur des modeles
de langage pré-entrainés surpasse les travaux connexes existants ; (2) Notre
proposition d’augmentation des données améliore la précision des résultats
de la détection des discours de haine a partir des tweets arabes et surpasse
les travaux connexes existants. Notre principale contribution est 1’obtention
de résultats encourageants dans la détection des discours de haine en arabe.
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Chapter 1

Introduction

Nowadays, the use of social media has substantially increased in Arab coun-
tries, which has allowed more freedom for speech in different domains. Twit-
ter for example is one of the leading social media where users can share short
text of up to 280 characters optionally followed by a link, video, or photo,
known as a tweet. This free micro-blogging allows users to subscribe, fol-
low other users, share content, like other tweets, repost another tweet and
reply to another tweet. Today, Twitter is booming, the service has more than
hundreds of millions of users producing over five hundred million tweets
per day!. Figure 1.1 shows the percentage of some Arabic populations that
used Twitter in 2022. Notably, the population of Saudi Arabia and Oman are
the most countries that used the platform. The Arab users generate 27.4 mil-
lion tweets per day (Al-Hassan and Al-Dossari, 2021). From that big number,
we can assume that hate speech can spread easily and quickly through this
platform.

The General Policy Recommendation no. 15 of the European Commis-
sion? has described Hate Speech (HS) as “the advocacy, promotion or incite-
ment, in any form, of the denigration, hatred or vilification of a person or
group of persons, as well as any harassment, insult, negative stereotyping,
stigmatization or threat in respect of such a person or group of persons and
the justification of all the preceding types of expression, on the ground of
race, color, descent, national or ethnic origin, age, disability, language, re-
ligion or belief, sex, gender, gender identity, sexual orientation, and other
personal characteristics or status”.

Initially, this sort of content was spread through the traditional platforms,
but with worldwide accessibility through social media like Twitter more and
more users are sharing their opinions. Unfortunately, sometimes these opin-
ions could have negative psychological effects on social media users and
even lead them to commit suicide (Hinduja and Patchin, 2010).

The great-uncontrolled content disseminated on social media is a known
phenomenon that can raise social alarms, specifically when this content con-
tains HS. One strategy proposed by the European Union to face this challenge
is through legislation. The European Union Commission has pressured var-
ious platforms to sign an HS code. The media platforms have pledged to
review the ‘majority of notifications for removing of illegal 5" in less than
24h. However, this pledge is very difficult to accomplish due to the exact

Ihttps://www. omnicoreagency.com/twitter-statistics/ Accessed 20/05/2020
2h‘c.‘c.p: //hudoc .ecri.coe. int/eng7i=REC-15-2016-015-ENG Accessed 20/05/2020
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FIGURE 1.1: Arab usage of social media (2020).

scope remaining unclear because of the lack of data collection and system-
atic reporting on its occurrence. To resolve this issue they depend on their
community to report HS content. This task for social media platforms is con-
sidered a complex one. Therefore, the severe consequences of this issue com-
bined with the lack of available automatic systems and the huge amount of
data disseminated daily encourage the text classification community to initi-
ate research into HS detection.

Natural language processing (NLP) is a field of research that deals with
machine learning (ML) algorithms applied to natural textual human lan-
guages. NLP applications consist to automatically processing written human
languages, including HS detection, sentiment analysis, and text classifica-
ton.

The Arabic texts are known by their complexity, where it is very difficult
to understand the intent of the user (Salem, 2017). Furthermore, some tricky
variances can be found such as the usage of the neglection of diacritics and
writing from right to left (Alshutayri and Atwell, 2018). In addition, social
media data is generally considered as unstructured text, which includes reg-
ular natural language used in our daily life. Thus it is very hard to extract
insights from textual data since they are context-dependent sentences. How-
ever, NLP methods can interpret the variability of unstructured data (Irfan et
al., 2015). Also, previous studies report multiple challenges in working to an-
alyze hate speech : racial bias, code-switched language complexity, datasets,
and context limitation.

Today, through Twitter, researchers propose approaches for Arabic HS de-
tection. Nevertheless, two of the major challenges faced in this context are the
limited performance and the problem of imbalanced data, which make them
suffer from severe over-fitting (Founta et al., 2018). Automatic IS detection
from Arabic tweets using traditional machine learning classifiers like Naive
Bayes (NB), Support Vector Machine (SVM) and Random Forest (RF) have
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shown reasonable accuracy results. However, they are based on the hand-
crafted features calculated based on some pre-defined methods like Term
Frequency (TF), Term Frequency-Inverse Document Frequency (TF-IDF), Bag
of Word (BoW), etc. Recently, Long Short Term Memory (LSTM) and Con-
volution Neural Network (CNN) and Bidirectional Encoder Representations
from Transformers (BERT) have already shown good results for HS classifi-
cation from Arabic tweets.

In summary, leveraging a single classifier produces poor performance re-
sults. In addition, the imbalanced nature of data often has been disregarded
in the major related works, which might have a substantial impact on the
classification results. This problem has occurred in the HS detection where
most labeled datasets are highly imbalanced. Here comes the role of the en-
semble learning approach and data augmentation method to obtain better
predictive performance than single and imbalance learning algorithms.

In our study, we leveraged ensemble learning that relies on a pre-trained
Bidirectional Encoder Representation from Transformer (BERT) language mo-
dels for the Arabic language (Antoun et al., 2020; Abdul-Mageed et al., 2020)
to perform HS classification. Specifically, we fine-tuned various Arabic BERT
models trained on various Twitter data. In addition, we proposed a semi-
supervised learning method based on previously labeled data. The research
questions investigated in this research are described as follows:

¢ How do increase the accuracy results of the Arabic hate speech detec-
tion task?

¢ (Can data augmentation improve the accuracy results of the Arabic hate
speech detection?

QOur research contributions can be summarized as follows:

* We leveraged various Arabic BERT models via transfer learning and
fine-tuning to build our baseline classifier.

¢ We evaluated ensemble learning based on the leveraged Arabic BERT
models.

¢ We propose a data augmentation method based on semi-supervised
learning and previously labeled data.

The rest of this thesis is organized as follows: Chapter 2 reviews the most re-
cent related works on Arabic hate speech detection. In Chapter 3, we provide
details of our methodology. Chapter 4 presents and discusses the results of
the conducted experiments. Conclusion and future works are presented in
Chapter 5.



Chapter 2

Related Work

2.1 Introduction

Chapter 1 detailed the general context and background for this thesis, pro-
vided a clear emphasis on importance of the topic, and present the research
objectives and our research questions. Before initiating any piece of origi-
nal research, it is critical to review existing literature thoroughly. To allow
the identification of some key ideas and methodologies in the field where an
addition to knowledge can be achieved.

The rest of this chapter is managed as follows. Section 2.2 provides a
background of feature extraction techniques. Section 2.3 provides a back-
ground of classification algorithms. Section 2.4 provides an overview about
existing Arabic HS detection approaches. Section 2.5 provides an overview
of the existing data augmentation method for Arabic HS detection, and fi-
nally, Section 4.6 provides a background of data augmentation methods.

2.2 Background of Feature Extraction Techniques

Thanks to a wide range of feature extraction techniques, researchers through
Twitter have followed three major techniques to capture features from the
textual content of a tweet: Bag of Words, Term Frequency Inverse Document
Frequency, and Word Embedding. The rest of this section is dedicated to
present a background of the aforementioned techniques.

2.2.1 Bag of Words

Bag of Words (BoW) (Sousa Pereira Amorim et al., 2018) is the most popular
strategy that has mainly aimed used for NLP. It focuses on the frequency
of word occurrences without taking the order or sequence of words. This
generates a vocabulary of specific words present in all tweets in the learning
set, and these will be used as feature vectors representing the presence or
absence of each word in the vocabulary as shown in Figure 2.1.

2.2.2 Term Frequency Inverse Document Frequency

TE-IDF (Vadivukarassi et al., 2018) is a weighting scheme based on the com-
bination of TF and IDF. This is often used in Information Retrieval and Text
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the dog Is on the table

o B B 1
are cat dog is now on table the

FIGURE 2.1: Bag of Words example.

Mining (Leskovec et al., 2020), which is computed by combining the product
of a function of term frequency (f,,:) and a function of the inverse of docu-
ment frequency (1/N) as follows.

¢ TF measures how frequently a word w occurs in a tweet t by dividing
it by the maximum number of occurrences of any word w in the same
tweet t (Luhn, 1957), and is calculated as follows:

TFus = Fui/ (max(Fuyp)) (2.1)

¢ IDF measures how important a word w is by computing the logarithm
of the number of tweets in the corpus divided by the number of tweets
in which a given word appears (Jones, 1972), and is calculated as fol-

lows:
IDEy; = log(N/dfw) (2.2)

The combination of the aforementioned Eqs is formulated as follows:
TF —I1DFs; = TEps % 1DEy4 (2.3)

where: N is the total number of tweets in the corpus, df;, is the number of
tweets in the corpus that contain the word w, and F; is the term frequency
in which the word w appears in a tweet t.

2.2.3 Word Embedding

Word Embedding (Yang et al., 2018) is another variant of feature extraction
techniques, where words are presented as vectors in an unbroken space.
Word Embedding have recently attracted much attention in many NLP tasks
as in (Barhoumi et al., 2019; Laatar et al., 2017), because of its capability
to capture semantic and grammatical relations between words from a large
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FIGURE 2.2: Continuous Bags of Words and skip-gram model
architecture.

amount of text. In the literature, researchers has followed three main meth-
ods to train the Word Embedding model are described in the following:

+ Word2vec (Mikolov et al., 2013) is a neural network model that yields
a real-valued vector of words showing up in a text corpus. Word2vec
is a technique that can identify the words that are similar in terms of
their syntactic and semantic relationships. It uses a window to define
the context in which these words are placed. To train the Word2vec
model, the researchers used two main common techniques. The first
uses adjacent words to predict a word goal known as a continuous bag,
of words, and the second uses a word to predict adjacent words in a
sentence, the socalled Skip-gram. The illustration is shown in Figure
e

Global Vectors for word representation (Glove) (Pennington etal., 2014}
is an extension of word2vec, which instead of using a window to de-
termine the local context, uses statistical computation across the entire
ensemble to create a clear co-occurrence of the word matrix, WordZvec
offers better word vector representations with a limited dimensional
semantic space when compared to Glove. For example, the publicly ac-
cessible Glove model, which has 300-dimension vector representations
of 400K words and was trained on Wikipedia.

Fasttext (Joulin et al., 2017} is a modification of word2vec that repre-
sents each word as an n-gram of characters rather than learning vectors
directly from words. For example, the Fasttext representation of the
word "political” with n=4 is poli, olit, liti, itic, tica, ical >. This aids in
the comprehension of shorter words. For example, the publicly accessi-
ble Fasttext model, which has 300-dimension vector representations of
1 million words and was trained on Wikipedia (Joulin etal., 2017).
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2.3 Background of Classification Algorithms

Thanks to a wide range of classification algorithms, researchers through Twit-
ter have leveraged two principal type of classification algorithms: a tradi-
tional and a deep learning. The rest of this section is dedicated to present a
background of the aforementioned algorithms.

2.3.1 Traditional Algorithms

In this context, traditional learning classifiers like Multinomial Naive Bayes
and Support Vector Machine have shown good results for classifying Twitter
data. The rest of this subsection is dedicated to present a brief overview of
traditional learning classifiers.

2.3.1.a Multinomial Naive Bayes

Multinomial Naive Bayes (MNB) (McCallum, Nigam, et al., 1998) is an ex-
tension of Naive Bayes classifier that takes into account the repetition of
words to produce the distribution of data in a polynomial manner. The BoW
method is used to compute the tweet vectors, and the Naive Bayes technique
is used to classify them. This classifier has been widely used in studies in-
volving Arabic HS detection as in (Husain, 2020a).

2.3.1.b Support Vector Machine

Support Vector Machine (SVM) is one of the most popular classifiers because
itis very accurate and efficient in classifying text. The main advantage of this
classifier is that it usually performs well even with a small amount of training
data. S5VM has been widely used in studies involving Arabic HS detection as
in (Chowdhury et al., 2020a).

2.3.2 Deep Learning Algorithms

In this context, deep learning classifiers such as Recurrent Neural Network,
Convolutional Neural Network, and Bidirectional Encoder Representation
for Transformers have shown good results for classifying Twitter data. The
rest of this subsection is dedicated to present a brief overview of the afore-
mentioned classifiers.

2.3.2.a Convolution Neural Network

Convolution Neural Network (CNN) (Krizhevsky et al., 2012) is one of the
most famous and successful deep neural network models. CNN is an alter-
native way to feed a forward neural network where the different layers, are
sparsely connected. This is accomplished by connecting a local region to an
input layer by neurons in the next layer. When processing text data, it must
first be converted into numerical values, by converting text words into word
vectors known as word embedding. A 2-dimensional array corresponding to
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the text sentence is formed where each row corresponds to a symbol or word.
Then the various CNN steps consist of a convolution layer, a pooling layer
and a fully connected layer. CNN has been very popular in research involv-
ing Arabic HS detection as in (Abuzayed and Elsayed, 2020; Faris et al., 2020;
Alsafari et al., 2020a; Alsafari et al., 2020b).

2.3.2.b Recurrent Neural Network

Recurrent neural network (RNN) (Mikolov et al., 2010) is another solution
to address the sequential learning problem posed by the traditional neural
network. Because of the inverse propagation of the error that required the
network to calculate the gradient to update the weights, RNN had difficulty
remembering Long Short term memories. Thus, RNNs faced the problem of
disappearing/exploding gradients. Long Short Term Memory (LSTM) (Glo-
rot et al., 2011) is leveraged instead of RNN to solve this problem by employ-
ing a memory cell at each time step t. Thus, the algorithm iterates through
a function F to update the network’s hidden states and create the outputs.
LSTM has been very popular in research involving Arabic HS detection as in
(Faris et al., 2020; Duwairi et al., 2021).

2.3.2.c Bidirectional Encoder Representation for Transformers

Bidirectional Encoder Representation for Transformers (BERT) (Devlin et al.,
2018) is a powerful transformer-based architecture that provides advanced
results in various natural language processing tasks. The BERT framework is
divided into two parts, each of which requires pre-training and fine-tuning.
BERT is pre-trained as a mask language model, as opposed to left-to-right or
right-to-left models. During this process, some input tokens are randomly
hidden and then predicted. Its also pre-trained to pick up the connection in
dual relationships. The Arabic version of BERT has been widely used in re-
search including Arabic HS detection as in (Elmadany et al., 2020; Aldjanabi
et al., 2021; Alghanmi et al., 2020).

2.4 Arabic Hate Speech Detection

Thanks to its importance, Tweet classification problem has drawn the atten-
tion of several studies such as topic classification (Daouadi et al., 2021) bot
detection (Daouadi et al., 2019a; Daouadi et al., 2020; Daouadi et al., 2019b)
organization detection (Daouadi et al., 2018a; Daouadi et al., 2018b) and hate
speech detection (Husain, 2020b). In particular, HS detection from Arabic
tweets has drawn the attention of several researchers. In the literature, many
systems have been developed to resolve this classification problem. They
follow two main principal approaches: a traditional approach, and a deep
learning approach.
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2.4.1 Traditional Approaches

In this context, researchers have focused on manual features engineering
based on local metadata and rely on the presence of tweet features like hash-
tags. Some examples of traditional approaches are briefly described in the
following.

Besides, authors in (Mubarak et al., 2020) focuse on the problem of de-
tecting offensive tweets. They use features from the Arabic word2vec model
with SVM, this yielded an Accuracy result of 88.6%.

Likewise, authors in (Husain, 2020b) classify tweets being offensive or
not. The best experimental results are obtained using the trained ensemble
learning in offensive language detection, and this yielded F1 score of 88%,
which exceeds the score obtained by the best single learner classifier by 6%.

Furthermore, authors in (Husain, 2020c) examine the effect of the prepro-
cessing step on offensive language and HS classification. They claimed that
an intensive preprocessing technique demonstrates its significant impact on
the classification rate. The optimal experimental results are obtained using
BoW and SVM, yielding Il score results of 89% and 95% for offensive lan-
guage and HS classification.

In a different strategy, authors in (Mubarak et al., 2017) classify user ac-
counts being abusive or not. The best experimental results are obtained using
list-based methods (Seed Words + Log Odds Ratio), yielded F1-score of 60%.

2.4.2 Deep Learning Approaches

In this context, researchers follow two principal approaches are deep learn-
ing from scratch approaches and fine-tuning approaches.

24.2.a Deep Learning from Scratch Approaches

In this context, researchers have focused on automatic feature engineering.
They used deep learning models such as CNN and LSTM. Some examples of
deep learning approaches are briefly described in the following.

Authors in (Alharbi and Lee, 2020) classify Arabic tweets being offensive
or not. They use features from n-gram and word embedding model. The best
experimental results are obtained using LSTM. This yielded Accuracy result
of 74%.

In a similar, authors in (Farha and Magdy, 2020) investigate the impact
of using Multitask learning on offensive and HS detection. The showed
that Multitask learning based on CNN-LSTM improve the accuracy results,
yielded macro Fl-score of 90.4% and 73.7% for classifying offensive and HS
tweets, respectively.

Likewise, authors in (Rachid et al., 2020) classify tweets being cyberbul-
lying or not. They use features from the Arabic Word2vec model achieving.
The best experimental result is obtained using a simple CNN-LSTM model,
yielded F1-score of 84%.

Furthermore, authors in (Husain et al., 2020) use features based on TF-
IDF to classify tweets from those of offensive or not. The best experimental
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results are obtained using a Bidirectional gated recurrent unit classifier, and
this yielded a macro F1-score of 83%.

In a similar, authors in (Abuzayed and Elsayed, 2020) classify tweets be-
ing HS or not based on the Arabic Word2vec model. They conducted a series
of experiments using CNN, RNN and SVM. This yielded a macro Fl-score of
73%.

Besides, authors in (Faris et al., 2020} classify tweets from those of hateful
and normal ones. They used CNN-LS5TM with different versions of Arabic
Word2vec, which yielded an F1-score of 71.68%.

Likewise, authors in (Alsafari et al., 2020b) investigate the effect of word
embedding models and neural network architectures on the accuracy rate
using (Offensive and Hate vs. Clean), (Hate vs. Offensive vs. Clean) and
(Nationality hate vs. Clean vs. Religion Hate vs. Gender Hate vs. ethnicity
hate vs. Offensive) classification tasks. The best results are achieved using
CNN and word2vec based on the Skip-gram model, which yielded Fl-score
results of 70.80% 75.16% 87.22%, and for six-class, three-class, and two-class
classification tasks, respectively.

Besides, authors in (Alsafari et al.,, 2020a) use the AraBERT embedding
model with an ensemble of CNNs and Bidirectional LSTM (BiLSTMs) clas-
sifiers. The best results are achieved using the average-based ensemble ap-
proach, which yielded Fl-score results of 91.12% (CNNs), 84.01% (CNNs),
and 80.23%(BiL.STMs), for two-class, three-class, and six-class classification
tasks, respectively.

In a similar, authors in (Alsafari et al., 2020c) use CNN with the Mul-
tilingual BERT embedding model, which yielded 'l score results of 87.03%
78.99%, and 75.51% for two-class, three-class, and six-class classification tasks,
respectively.

Furthermore, authors in (Duwairi et al., 2021) conducted a series of ex-
periments using CNN, BiLSTM-CNN, and CNN-LSTM. They reported three
types of experiment: Binary classification (Hate or Normal), Ternary classifi-
cation (Hate, Abusive, or Normal), and Multi-class classification (Misogyny,
Racism, Religious Discrimination, Abusive, and Normal). In the binary clas-
sification task, the CNN model outperformed other models and achieved
an accuracy of 81%. In the ternary classification task, both the CNN, and
BiLSTM-CNN models achieved the best accuracy of 74%. While in multi-
class classification task, the best results are achieved by CNN-LSTM, and
BiLSTM-CNN, yielded an Accuracy of 73%.

In similar, authors in (Alshaalan and Al-Khalifa, 2020) classify tweets be-
ing hate or not, they compared four models: CNN, GRU, CNN-GRU, and
BERT. Their experimental results show that CNN model gives the best per-
formance with an Fl-score of 79%.

Similarly, authors in (Al-Hassan and Al-Dossari, 2021) classify tweets into
five distinct classes: none, religious, racial, sexism and general hate. They
used four deep learning models: LSTM, CNN-LS5TM, GRU, and CNN-GRU.
Their experimental results show that the hybrid CNN-LSTM model gives the
best performance with an F1-score of 73%.
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Besides, authors in (Hassan et al., 2020) evaluate the combination of SVM,
CNN, CNN-BiLSTM on offensive language and HS classification tasks. These
models showed a significant performance with 90.51% macro Fl-score for of-
fensive language detection and 80.63% macro F1-score for hate speech detec-
tion.

In a different strategy, authors in (Alghanmi et al., 2020) use both Arabic
BERT and Arabic Word2vec) embedding models classify tweets being nor-
mal, hateful, or abusive. The best accuracy result is achieved using CNN,
which yielded an 1 score of 72.1%.

2.4.2.b Transfer Learning Approaches

In this context, researchers have focused on transfer learning based on fine-
tuning. The majority of transfer learning approaches focus mainly on the
Arabic versions of BERT. Some examples of transfer learning approaches are
briefly described in the following:

Authors in (Elmadany et al., 2020) evaluate Arabic BERT on offensive lan-
guage and HS classification tasks. This yielded a macro Fl-score of 82.31%
and 70.51% for classifying HS and offensive language classification task.

Likewise, authors in (Abdellatif and Elgammal, 2020) evaluate the Uni-
versal Language Model Fine-tuning on the offensive language and HS clas-
sification task, this yielded macro Fl-score of 77% and 58% for classifying
offensive and HS tweets.

Besides, authors in (Aldjanabi et al., 2021) studied the impact multitask
learning model built on top of a pre-trained Arabic BERT on offensive and
HS classification tasks, which yielded F1-score of 92.34% and 88.73% for clas-
sifying offensive and HS tweets.

2.5 Data Augmentation Methods

In this context, researchers have focused on generating synthetic data in or-
der to face the challenge of imbalanced learning. Some examples of data
augmentation methods are briefly described in the following:

Authors in (Husain, 2020c) investigate the impact of upsampling tech-
nique (duplicate tweets of the minority class to balance the class label) on of-
fensive and HS classification tasks. They showed that upsampling decrease
the result of I'1-score results.

In similar, the authors in (Haddad et al., 2020) propose two data augmen-
tation methods for offensive and HS classification. The first one uses an ex-
ternal augmenting technique by adding some offensive tweets from another
labeled data. While the second one uses the random oversampling method
by shuffling the words into HS tweets to create new samples.

Likewise, authors in (Elmadany et al., 2020) investigate the impact of seed
words and tweet emotion for automatic annotate tweets for offensive and HS
classification tasks. They showed that the examined method has a positive
and negative impact on the offensive and HS classification tasks, respectively.
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In a different strategy, authors in (Alsafari and Sadaoui, 2021) explore the
role of semi-supervised built on unlabeled tweets for classifying tweets being
offensive, hateful, and normal. They showed that an improvement of up to
7% was achieved from using additional pseudo-labeled tweets.

2.6 Conclusion

This chapter has reviewed the literature review; it has set out the background
information from feature extraction techniques and classification algorithms.
Furthermore, the chapter also reviewed existing works on Arabic HS detec-
tion and data augmentation methods. The next chapter will overview our
proposed approach for Arabic HS detection from tweets.
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Chapter 3

Proposed Approach

3.1 Introduction

Chapter 2 detailed the background of feature extraction techniques, provided
a background of classification algorithms, presented state-of-the-art of Ara-
bic HS detection and data augmentation methods.

HS classification task presented in this research is aimed to accurately
classify tweets from those of Normal, General HS, Religious, Sexism, and
Racism. Previous state-of-the-art approaches in this context have faced two
major challenges owing to the limited performance results and the problem
of imbalanced data. In this study, we proposed a novel approach for HS
detection by leveraging ensemble learning and data augmentation based on
semi-supervised learning built on previously manually labeled tweets.

The rest of this chapter is organized as follows: Section 3.2 present the
problem formulation. Section 3.3 discuss our proposed approach, and finally
Section 4.6 conclude the chapter.

3.2 Problem Formulation

The HS task presented in this thesis is a multi-class classification problem,
which tries to uncover various characteristics of tweets. As with any other
supervised classification problem, we need a labeled dataset. Thus, we use
the taxonomy presented by (Al-Hassan and Al-Dossari, 2021), below we pro-
vide the definition and examples in Figures 3.1 for each of these HS types:

* Religious: Any Religious discrimination, such as: Islamic sects “Sunni,
Sheie, Alrafdhah ...etc.” Also, anti-Judaism or anti-Hinduisand, anti-
Christian and their respective denominations, calling for atheism or
other religions. Also attaching relations of following or not following a
particular religious group, these groups include but not limited to: ISIS
and Al-gqaedah, Muslim Brotherhood. Al-Houthi and many others..

¢ Racism: Any Racial offense or tribalism, regionalism, prejudice against
particular tribe or region, xenophobia (especially for migrant workers)
and nativism (hostility against immigrants and refugees). Also, of-
fending the appearance and color of individual or offending particular
country leader or country politics.
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FIGUEE 2.1: Example of hate speach tweets. (A: Religious hate
speech, B: Racism, C: Sexism, It General hate speech, E: Non-
hate speadh).

+ Dexism: Any post that offense patticular gender Using any form of hos-
tility ot devaluation based oh petson’s gehdet. In addition, any form of
misogyhy tehdency.

+ General hatespeech: Any general type of hate which is not mentionad
in the previoils classes. Whether it contains: general hatred, cbscene,
offensive and abusive words that are not related to religion, race or sex,

+ Non-hate (Normal): If the tweeat does not contain any form of hatred.

3.3 Proposed Approach

The tnain focts of this work will ba to train a tnodel with a tmulticlass dataset
for the data augmentatioh putrpose and then preprocess the concerned data
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through multiple phases to be fit to the transfer learning ensemble we will
be working with. As shown in Figure 3.2, our proposed approach consists
of four main steps are data augmentation, tweets pre-processing, transfer
learning and ensemble learning.

3.3.1 Data Augmentation

The imbalance nature in data often has been disregarded in the major related
works, which might have a substantial impact on the classification results.
This problem has occurred in the HS detection where most labeled datasets
are highly imbalanced. To face this issue, we propose semi-supervised learn-
ing built on previously manually labeled tweets. Firstly, we train the model
using the state-of-the-arts datasets (Al-Hassan and Al-Dossari, 2021} labeled
as (Non-hate, General HS, Sexism, Racial and Religious HS). The tweets la-
beled as religious HS in (Albadi et al., 2019; Alsafari et al., 2020¢) are added
directly to the to the datasest of (Al-Hassan and Al-Dossari, 2021). While
the tweets previously labeled as HS in (Sun et al., 2019; Mulki et al., 2019;
Haddad et al., 2019; Alshaalan and Al-Khalifa, 2020; Alsafari et al., 2020¢;
QOusidhoum et al., 2019) are classified with the trained model, and the new
label is used balance the first datasets.

3.3.2 Tweets Preprocessing

The inputs of our proposition are the textual content of tweets composed of
raw tweet content. In this step, our main objective is to clean the textual
content produce a more consistent and standard tweet. We performed some
pre-processing tasks as follows:

* Removing the tweet features: user mentions ‘@’, URLs, the word RT, #,
punctuation, special characters (emoticons), and numerical characters.

* Removing repeated characters: such as (g 3 3 g 1t0) to be (Js 1e).

* Removing Arabic stop words, non-Arabic letters, new lines as well as
diacritics.

* Arabic letters normalization: in the Arabic language, they are different
variations for representing some letters which are:

— Letter (3) which can be mistaken and written as (), we normalized
it to (o).
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— Letter (i) which has the forms (!, |, ), i ), all these four letters are
normalized into (1).

— The Arabic dash that is used to expand the word (L ) to (L_> »)
has been removed.

— Letter (_s) has been normalized to ( s).

All tweets are padded to the length of the longest tweet and will be used as
an input for the following step.

3.3.3 Transfer Learning

The second step aims to use the pre-trained language models (AraBert-Large,
AraBert-Base, and MarBert).

Traditional Machine Learning (ML) technology has matured to a point
where it may be used in a variety of practical applications with consider-
able success. ML does, however, have certain limits in some real-world cir-
cumstances. For example, gathering sufficient training data is prohibitively
expensive, time-consuming, or impossible, necessitating the use of trans-
fer learning methods. Transfer learning is a method of training artificial
neural networks that depend on pre-trained models on specific tasks and
data. Transfer learning assumes that if a pre-trained network solves one is-
sue well, it may be utilized to tackle a similar but distinct problem with a
little extra training. The reliance on a large amount of training data can be
reduced in this way. Text classification (Duwairi et al., 2021), sentiment anal-
ysis (Ghahramani, 2007), and image classification (Wu and Dietterich, 2004;
Boualleg et al., 2019; Boualleg and Farah, 2018; Boualleg et al., 2020; Hafd-
hellaoui et al., 2019; Amiri et al., 2020) are only a few of the applications of
transfer learning.

The main goal of transfer learning is to adapt the acquired weights from
Ds to learn the target conditional probability distribution P(Y# Xt) Dt with
Ds #+ Dt or Ts # Tt, given a source domain Ds and its accompanying source
task Ts, as well as a target domain Dt and a target task Tt. Figure 3.3 show
the process of transfer learning. Transfer learning is undeniably one of the
most important aspects of language models. In the NLI world, the advent
of Bidirectional Encoder Representation from Transtormers (BERT) (Devlin
et al.,, 2018) sparked a revolution. BERT is a deep learning model that has
produced best in class performance on a wide range of NLI” tasks.

BERT was taught using a technique known as Masked Language Model-
ing (MLM). The MLM operates by randomly concealing part of the existing
tokens from the input. As a result, the masked word’s original vocabulary id
may be anticipated from the word’s context. As aresult, the MLM will be able
to merge the left and right contexts. In addition to the MLM, BERT employs
the Next Sentence Prediction task to train a competent language model that
recognizes and understands sentence relationships. The BERT model archi-
tecture is a multi-layered bidirectional transformer encoder based on the (De-
vlin et al., 2018) original implementation. The transformers, it is suggested,
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FIGURE 2.3: The process of transfar learning.

are a collection of numerous nested layers (or blocks). An "attention” layer is
present in each layer/block. For each block, BERT uses twelve (12) different
attention mechanisms, allowing tokens from the input sequence (e.g., sen-
tences made up of word or sub-word tokens) to focus on the other token. In
their paper, (Devlin et al, 2018) (Vagwani et al., 2017) offered the following
two architectures:

+ BERT Base: 12 layers (Transformer blocks), 12 attention heads, and 110
millicn parameters.

+ BERT Large: 24 layers, 16 attention heads, and 240 millien parameters.

A preprocessing phase, consisting of tokenization, should be conducted be-
fore feeding a raw sentence to BERT. The sub-word tokenization technique
WordPiece employs a vocabulary initialization to cover all characters in the
training data. WordFPiece added the appropriate merge rules for tokenization
later on. Word Piece learns positional embed dings with a sequence length of
up to 512 tokens and creates embedd ings with a 20,000 character vocabulary.
English and BooksCorpus are used to train BERT models. The single sen-
tenice categorization using the BERT model is shown in Figure 3.4, In Figure
3.4, E stands for input embedding, Ti for contextual representation of token i
(Tok 1), and [CLS] for classification output, which summarizes all the hidden
states outputted from all tokens in the input sentence.

3.3.4 Ensemble Learning

Ensermble learning is a broad machine leaming meta-approadh that tries to
improve predictive performance by mixing predictions from several models.
I our researd, we compared two ensemble leaming methods are majority
voting and average voting described as follows.
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FIGURE 3.4: Single sentence classification using BERT.

Majority voting (also known as Hard Voting), each classifier votes for a
class, and the class with the most votes win. The ensemble’s anticipated tar-
get label is the mode of the distribution of individually predicted labels in
statistical terms. This strategy is intentionally used to increase model pertor-
rmance, to out performs any one model in the ensemble.

HAverage voting (also known as Soft voting), where each classifier assigns
a probability value to each data point that it belongs to, The predictions are
totaled and weighted according to the relevance of the classifier. The vote is
then cast for the target label with the largest sum of weighted probability.

3.4 Conclusion

This chapter has reviewed the proposed approach; it has set out the problem
formulation. Furthermore, the chapter also reviewed our proposed method
for data balancing, In addition, the chapter provides a detailed description
ot the proposed classification approach. The next chapter will present the
experimental and evaluation results.
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Chapter 4

Experimental Results

4.1 Introduction

Chapter 3 presented a detailed review of our proposition. This chapter is
dedicated to presenting the experimental and evaluation results.

The rest of this chapter is organized as follows. Section 4.2 present an
overview of the development environment and setup. Section 4.3 describe
the performance measures used to evaluate our proposed approach. Section
4.4 describe our interesting datasets. Section 4.5 discuss the results achieved
using our proposed approach.

4.2 Development Environment and Setup

We used Python 3.7 as the programming language for all of the experiments
in our research, specifically, we used code editor Kaggle, which is an online
community platform for data scientists and machine learning enthusiasts.
Kaggle offers a no-setup, customizable, python notebooks environment by
accessing Graphics Processing Unit at no cost, while allowing users to col-
laborate with others. The libraries used in our experiments are described as
follows:

* Pandas is an open-source library that offers easy-to-use data structures
and data analysis tools!.

¢ Numpy is the most important Python module that includes a multidi-
mensional array object, various derived objects (such as hidden arrays
and matrices), and a variety of routines for performing fast array oper-
ations, such as math, logic, shape manipulation, sorting and more 2.

* Scikit-learn is undoubtedly Python’s most helpful machine learning
library. It contains many machine learning and statistical modeling al-
gorithms, such as classification, and regression”.

® Pyarabic: A Python library for manipulating Arabic letters and text,
Pyarabic contains fundamental operations such as recognizing Arabic

Ihttps://pandas.pydata. org/docs/Accessed 20/05/2020
Zhttps://numpy. org/doc/stable/Accessed 20/05,/2020
Shttps://scikit-learn.org/stable/user _guide . html/Accessed 20/05/2020
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letters, Arabic letter groups and characteristics, deleting diacritics, and
4

S0 on”.
e ktrain is a Python library that makes deep learning and Al more acces-
sible and easier to apply °.

* HuggingFace is a platform provider and an open-source of machine
learning technologies, that contains pre-trained language models®.

To fine-tune the transfer learning model, authors in (Sun et al., 2019) have
recommended selecting from the values of the following parameters: learn-
ing rate, batch size, number of epochs described as follows:

¢ The learning rate is a hyper-parameter that controls how much the
model changes each time.

¢ The number of epochs is a hyper-parameter that specifies how many
times the learning algorithm will iterate over the whole training dataset.

¢ The batch size is a hyper-parameter that specifies how many samples
must be processed before the internal model parameters are updated.

4.3 Performance Measures

The tenfold cross-validation approach was used to evaluate the performance
of our proposed approach. The dataset was split into ten equal-sized seg-
ments while maintaining the balance of each class in the corresponding data-
sets. One of these parts was used as a testing and the remainder were used as
training. This procedure was repeated 10 times and the averaging of the per-
formance results was obtained across the ten repetitions of cross-validation.
The performance measures used to evaluate our proposed approach are as
described follows.

* Recall, because it concentrates on the good examples, we should pay
greater attention to that measure. For each class label, recall refers to
the proportion of properly classified tweets to the number of tweets
that belonged to that class but were mistakenly classified by the model.
For example, the Recall of the Racial class is calculated as described in
the following equation:

Racial tweets_correctly classified

Recall = Total number of Racial tweets

(4.1)

* Precision, this metric is likewise useful in our instance; it reflects the
proportion of relevant retrieved tweets from a specific class. For ex-
ample, the Precision of religious class is calculated as described in the

‘https://pyarabic.sourceforge.io/Accessed 20/05/2020
"https://github.com/amaiya/ktrain/Accessed 20/05/2020
https://www.crunchbase.com/organization/hugging-face/Accessed 20/05/2020
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following equation:

. Religious tweets _correctly classified
Precision = 3 = = Y- i

Tweets classified as "Religious” (4.2)

* [1-Score is more useful than accuracy in our instance of unequal class
distribution since it is the weighted average of precision and recall.

Precision < Recal
P —
Precision + Recall

F1 — Score =2 (4.3)

¢ Micro Calculate measures globally by counting the total true positives,
false negatives, and false positives.

* Macro Calculate measures for each label, and find their unweighted
mean, this does not take class imbalance into account.

* Weighted Calculate measures for each label and find their average weigh-
ted by support (the number of true instances for each label). This alters
‘macro” to account for label imbalance.

4.4 Dataset Description

To validate our proposition, we used different Arabic HS datasets. In the
following, a brief description of the corresponding datasets is presented.

4.4.1 Multi-class Hate Speech Classification Data

We use the dataset annotated by (Al-Hassan and Al-Dossari, 2021) to evalu-
ate our proposed classification approach. Table 4.1 shows an overview of the
dataset we utilized in our research. The authors utilized the Especial library
with a list of hashtags that activate and attract Twitter nasty content to col-
lect the tweets. Because of this, balancing the amount of non-hate and hate
tweets is unrealistic and does not reflect the true situation. To maintain a re-
alistic and natural environment, the writers simply picked a list of hashtags
that undoubtedly contains both non-hateful and hateful information. After
that, two annotators manually annotated the obtained tweets to eliminate
any annotator bias. A guide was supplied to the annotators to follow to sep-
arate the tweet classifications, resulting in a dataset of 11634 tagged tweets
out of 37 k collected tweets. Table 1 shows that the tiny subset of tweets be-
longs to the racial hate speech category, whereas the large subset belongs to
the non-hate category.

4.4.2 Binary and Ternary Hate Speech Classification data

The statistics about the datasets used to evaluate our proposed method for
data augmentation are presented in Table 4.2 and described as follows:
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NH GH Re Ra Se Total
Number of tweets 8332 | 1397 | 722 | 526 | 657 | 11634
Word count 969K | 172K | 92K | 66K | 83K | 1383 K
Unique words 29K | 87K 49K | 4K |44K | 379K
Average words per tweet | 11.6 123 | 127 | 127 | 126 11.9

TABLE 4.1: Overview of the datasets used to evaluate our pro-

posed classification approach (NH: Non-Hate speech, Se: Sex-

ism hate speech, Re: Religious hate speech, GH: General hate
speech, Ra: Racism hate speech, k denotes one thousand)

* OSACT (Sunet al., 2019): This dataset comprises 10K tweets that have
been labeled for offensiveness (OFF or NOT OFF) and hate speech (HS
or NOT HS).

e L-HSAB (Mulki et al., 2019): L-HSAB is a collection of 5,846 Syrian and
Lebanese political tweets categorized as normal, abusive, or hateful.

¢ T-HSAB (Haddad et al., 2019): T-HSAB brings together 6,024 Tunisian
comments that are classified as normal, abusive, or hateful.

e GHDS (Alshaalan and Al-Khalifa, 2020): A total of 9,316 tweets were
classed as hateful, abusive, or normal in the dataset (not hateful or abu-
sive).

¢ RHS (Albadi et al., 2019): These include 6000 Arabic tweets, 1000 for
each of the six religious groups.

e MCH (Alsafari et al., 2020¢): This dataset contains 1100 tweets that
were gathered utilizing contentious accounts and hashtags.

¢ MLMA (Ousidhoum et al., 2019): This consists of multi-language and
multi-aspect, the Arabic tweets include 3353 of hate and non-hate speech.

TABLE 4.2: Overview of the datasets used to evaluate our pro-

Dataset | Hate tweets
MLMA 460
GHDS 180
RHS 2759
MCH 1417
OSACT 491
T-HSAB 1078
L-HSAB 468

All data 6853

posed method for data augmentation.
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4.5 Experimental Results and Evaluation

This section presents the experiments conducted in our study. The first exper-
iment demonstrates the choice of hyper-parameter, the second experiment
delegated to ensemble learning, the third experiment proves data augmenta-
tion, the fourth experiment study demonstrates comparison with state-of-
the-art and the last one delegated to comparison with classification algo-
rithms.

4.5.1 Fine-tuning

The first set of our experiment is dedicated to determining the best hyper-
parameter. The initial parameters used in our experiment are 2 epochs, 8
batch size, and 1e-5 learning rate.

The experiment presented in Table 4.3 shows the effect of the number
of epochs. The Fl-score metric is increased when the number of epochs
is increased from 2 to 4 by 4.99% in bert-base-arabertv02-twitter, but it is
decreased when the number of epochs is further increased. Then, using
bert-large-arabertv02-twitter, The Fl-score metric is increased from 2 epochs,
but it is decreased when the number of epochs is further increased. While
when using MARBERT, the F1-score is increased by 0.16 when the number of
epochs is increased from 2 epochs to 4 epochs, but it is decreased when the
number of epochs is further increased

Epochs 2 3 4 5 10

bert-base-arabertv02-twitter | 79.65 | 84.60 | 84.64 | 84.28 | 84.14
bert-large-arabertv02-twitter | 84.59 | 83.78 | 81.74 | 83.24 | 79.68
MARBERT 83.98 | 84.14 | 83.91 | 83.58 | 83.11

TABLE 4.3: The effect of the number of epochs on micro F1-
score.

The experiment presented in Table 4.4 shows the effect of the number
of batch size. The Fl-score is increased when the number of batch size is
increased from 8§ to 16 by 0.02 using bert-base-arabertv(2-twitter, but it is
decreased when the number of batch size is further increased. However,
the Fl-score metric is decreased when the number of batch size is further
increased from 8 to 64 using bert-large-arabertv02-twitter and MARBET.

Batch size 8 16 32 64

bert-base-arabertvO2-twitter | 84.64 | 84.66 | 84.11 | 83.76
bert-large-arabertv02-twitter | 84.59 | 84.08 | 83.66 | 81.88
MARBERT 84.14 | 83.87 | 84.07 | 82.92

TABLE 4.4: The effect of the number of batch size on micro F1-
score.
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The experiment presented in Table 4.5 shows the effect of the learning
rate. The F1 score is decreased when the value of learning rate is increased
from1e-5to 5 e-5.

Learning rate le-5 | 2e-5 | 3e5 | 4e-5 | 5e-5

bert-base-arabertv02-twitter | 84.66 | 84.62 | 84.53 | 84.20 | 83.17
bert-large-arabertv02-twitter | 84.59 | 82.25 | 7829 | 76.83 | 83.66
MARBERT 84.14 | 83.42 | 81.83 | 80.55 | 79.68

TABLE 4.5: The effect of the number of learning rate on micro
Fl-score.

In the summary, the optimal parameters of the corresponding models are
shown in table 4.6.

Epoch | Batch size | Learning Rate
bert-base-arabertv02-twitter 4 16 le-5
bert-large-arabertv02-twitter 2 8 le-5
MARBERT & 8 le-5

TABLE 4.6: Optimal parameters of the corresponding pre-
trained language model.

4.5.2 Ensemble Learning

The second set of our experiments is dedicated to evaluating the ensemble
learning methods (majority voting average voting). Table 4.7 present a com-
parison between single and ensemble models. It is important to note that
ensemble learning models achieve the highest results, vielding weighted-
average Fl-score results of 85.48 and 85.10 using majority voting and aver-
aged voting, respectively. In summary, the Macro-Averaged, Micro-Averaged
Fl-scores are reached 72.66%, 85.47% and 85.48%, respectively.

NH Se Re GH Ra Ma Mi W
BBAT 9242 | 70.26 | 79.89 | 60.72 | 5048 | 70.76 | 84.66 | 84.69
BLAT 9247 | 67.60 | 79.74 | 60.82 | 47.81 | 69.69 | 84.59 | 84.46
MARBERT | 92.17 | 68.83 | 7842 | 59.23 | 50.35 | 69.80  84.14 | 84.15
AV 92.60 | 70.86 | 81.53 | 61.21 | 52.37 | 71.71 | 85.08 | 85.10
MV 02.73 | 72.27 | 82.56 | 61.89 | 53.85 | 72.66 | 85.47 | 85.48

TABLE 4.7: The effect of ensemble learning (Ma: Macro-

Average, Mi: Micro-Average, W: Weighted-Average, BBAT:

bert-base-arabertv02-twitter, BLAT: bert-large-arabertv(02-
twitter, AV: Average voting, MV: Majority Voting).
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4.5.3 Evaluate Data Augmentation Method

The third set of our experiments is delegated to evaluating our proposed
method for data augmentation. Firstly, the tweets labeled as religious hate
speech in (Albadi et al., 2019) and (Alsafari et al., 2020c) datasets are directly
added to the training data. Second, we used semi-supervised learning using
the trained model with the datasets presented in Table 4.2. Table 4.8 present
the results of the classification task.

Predicted class | GH | Re | Se | Ra
Number tweets | 1034 | 950 | 863 | 926

TABLE 4.8: Prediction results.

The experiments presented in Table 4.9 shows a comparison of the pro-
posed approach using data augmentation and without data augmentation.
However, the Fl-score result is increased from 85.48 to 85.65 when the train-
ing data is augmented through or proposed method.

NH Se Re GH Ra Ma Mi w
WDA | 92.73 | 72.27 | 82.56 | 61.89 | 53.85 | 72.66 | 8547 | 85.48
Ours | 9241 | 72.58 | 83.50 | 63.27 | 57.25 | 73.80 | 85.60 | 85.65

TABLE 4.9: The effect of our proposed data augmentation
method (WDA: Without Data Augmentation).

4.54 Comparison with Existing Data Augmentation Meth-
ods

The fourth set of our experiments is dedicated to comparing our proposed
methods with the following related as shown in the table 4.10. When com-
pared our proposed method for data augmentation with the following state-
of-the-art:

* W (Husain, 2020c) which used Up-sampling technique.

* X (Alsatari and Sadaoui, 2021) which used semi-supervised learning
technique on the unlabeled data.

* Y (Liuetal., 2020) which used Generative Pre-trained Transformer tech-
nique.

* Z (Cao and Lee, 2020) which used GAN technique Generative adver-
sarial networks.

Notably, from the experiment shown in Table 4.8, the Fl-score results of
different classes is presented as follows:

* Normal: The Fl-score of the latest state-of-the-art data augmentation
methods is ranging from [91.65% — 92.36%] while the Fl-score of our
proposed data augmentation methods yielded 92.41%.
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¢ General hate speech: The achieved results from our proposed data
augmentation method is increased by about 3.19% when compared with
the latest state-of-the-art.

* Sexism: The Fl-score of the latest state-of-the-art data augmentation
methods ranges from [66.38% — 70.52%)], whereas our proposed data
augmentation method achieved 72.58%.

* Racial: Our proposed data augmentation method increases the Fl-score
from [44.15% - 50.99%] in comparison with the latest state-of-the-art,
which yielded 57.25%.

¢ Religious hate speech: The Fl-score of the latest state-of-the-art data
augmentation methods is ranging from [78.72% - 79.89%] while our
proposed data augmentation method yielded F1-score of 83.50%.

In a summary, the Macro-Averaged, Micro-Averaged, and Micro-Averaged
F1-scores are reached 73.80%, 85.60%, and 85.65%, respectively.

N S Re G Ra Ma Mi W
WDA | 92.73 | 72.27 | 82.56 | 61.89 | 53.85 | 72.66 | 85.47 | 85.48
w 92.04 | 70.12 | 79.89 | 59.45 | 50.99 | 70.50 | 84.20 | 84.28

X 9221 | 70.52 | 79.42 | 60.08 | 50.60 | 70.57 | 84.29 | 84.45
Y 9236 | 66.38 | 7872 | 59.48 | 44.15 | 68.22 | 84.08 | 83.92
Z 91.65 | 67.50 | 79.20 | 57.01 | 49.07 | 68.89 | 83.52 | 83.43

Ours | 9241 | 72.58 | 83.50 | 63.27 | 57.25  73.80 | 85.60 | 85.65

TABLE 4.10: Comparison of our proposed data augmentation
method with the latest state-of-the-art methods.

4.5.5 Comparison with Existing Classification Approaches

The last set of our experiment is dedicated to comparing our proposed clas-
sification approach with the latest following related works:

* A (Al-Hassan and Al-Dossari, 2021), which used Naive Bayes and N-
grams.

* B (Husain, 2020b), which used TF-IDF, Bag of Word, and Bagging.
¢ C (Chowdhury et al., 2020b), which use SVM and TF-IDE.

¢ D (Al-Hassan and Al-Dossari, 2021), which learned word embedding
use the hybrid CNN-LSTM and using the training data for classifica-
tion.

¢ E (Alsafari et al., 2020c), which used Multilingual BERT embedding
model with CNN.

¢ F (Haddad et al., 2020), which use bidirectional GRU augmented with
attention layer and AraVec.
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G (Alghanmi et al., 2020), which used AraVec embedding with CNN
and AraBERT.

H (Faris et al., 2020), which used hybrid CNN-LS5TM and AraVec.

I (Alsafari et al., 2020a), which used AraBERT embedding and ensem-
ble CNNSs.

] Mubarak et al., 2020), which fine-tuned the pre-trained AraBERT lan-
guage model.

While comparing our proposed approach with the other baselines in Table
4.11, the accuracy rate of our proposition is the highest. This is due to our
use of ensemble learning and the the data augmentation method. When
compared with CNN, LSTM, current DL hate speech classification models
require to huge amount of labeled data to achieve good performance results.
In contrast, does not require a huge amount of labeled data to achieve good
performance results. When compared to SVM, NB, and Bagging, ours has the
benefit of not requiring handcrafted features to be designed and extracted.

:
3
=

NH |Se |Re |GH Ra |Ma | W

0.85 | 021 | 0.10 | 0.12 | 0.09 | 0.27 | 0.64
0.86 | 042 | 0.50 | 0.25 | 0.24 | 045 | 0.71
0.87 | 041 | 0.54 | 0.30 | 0.29 | 048 | 0.73
0.86 | 043 | 0.59 | 0.31 | 0.25 | 049 | 0.73
0.85 | 042 | 0.56 | 045 | 0.20 | 0.50 | 0.73
0.87 | 050 | 0.64 | 049 | 0.27 | 055 | 0.76
0.86 | 044 | 0.59 | 047 | 0.22 | 0.52 | 0.74
0.87 | 037 | 047 | 028 | 0.26 | 045 | 0.72
0.87 | 049 | 0.56 | 047 | 0.24 | 053 | 0.75
0.88 | 049 | 0.67 | 041 | 0.37 | 057 | 0.77
Ensemble | 0.93 | 0.72 | 0.83 | 0.62 | 0.54 | 0.73 | 0.85
Ours 0.92 1 0.73 | 0.84 | 0.63 | 0.57 | 0.74 | 0.86

b Raiiesia Res == Rwil@] ==l

TABLE 4.11: Comparison between our proposed classification
approach and the latest related works.

4.6 Conclusion

This chapter has presented the experimental results; it has set out the devel-
opment environment and setup and describes the performance measures and
our interesting datasets. Furthermore, the chapter also presented the evalua-
tion results. The next chapter will conclude the thesis and present our future
works.
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Chapter 5

Conclusion and Future Work

Today, the increase in the spread of HS on social media is a global alarm. Ef-
forts are now taking place to control and avoid HS. This research investigates
the impact of ensemble learning that incorporates three different pre-trained
Arabic language models with semi-supervised learning built on previously
labeled datasets. The leveraged models are used to cover classical Arabic
texts and their dialects. Moreover, using pre-trained language model will fa-
cilitate the process of learning content representations. Experiments results
show that: (1) ensemble learning based on pre-trained language models out-
performs existing related works; (2) Our proposed data augmentation im-
proves the accuracy results of hate speech detection from Arabic tweets and
outperforms existing related works.

As future works, we plan to follow numerous directions. First, we want to
focus on the contextual embedding model and try to modity its vocabulary
to support the HS detection task. Second, we plan to address the task of
classifying HS in the Algerian dialect.

From a research perspective, we will leverage our proposed systems to
classify and analyze Arabic Twitter discussions to determine the extent of
HS conversations with public discourse and to understand how their sophis-
tication and capabilities evolve over the time.
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