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ABSTRACT

Nowadays, using social media to share information with loved ones, friends, and coworkers is
one of the easiest things to do. Even though people are free to express their feelings as they
choose, spreading hate speech using this platform has become more convenient. Hate speech
detection is a way in which a machine with trained model detects the speech and classifies it as
hate or hate-free speech accordingly. As a result, to the best of our knowledge there is no single
study conducted regarding the Tigrinya hate speech detection. The main objective of this study
is to design and develop hate speech detection model for the Tigrinya language from Facebook
posts and comments. Hate speech detection models have been developed worldwide, including
in our own country of Ethiopia, for a variety of languages by various scholars. However, due to
the difference in language, the hate speech detection model designed for Amharic or Afan-
Oromo won't be applicable in the case of the Tigrinya language. As a result, we have developed
a model that detects the Tigrinya hate speeches for both binary and multi-class classification.
In this study to achieve our objective we have collected 5400 posts and comments as a dataset,
and the dataset was collected from different Facebook pages using the Facepager tool and
prepared it in CSV file format. While the 5400 of the datasets have been used for multi-class
classification, only 3608 of it has been applied for binary classification. We have used the
stratified k fold cross-validation techniques for the purpose of splitting our dataset to train and
test our model. We have designed the model using three different deep learning approaches with
three different feature extraction techniques. For the purpose of designing the model the Bi-
LSTM, CNN-LSTM, and CNN has been applied with the feature extraction techniques of
Word2vec, Fast text and the Keras Embedding layer. We have applied the dropout and L2
regularization techniques to overcome the overfitting problem occurred in each model. As a
result, for the multi-class classification the Bi-LSTM model with the Fast text of CBOW has
outperformed the CNN-LSTM and the CNN model with the Accuracy of 87.41 %, Precision of
88.02 %, Recall of 85.74 %, and F1-Score of 86.86 %. Additionally, for the binary classification
the Bi-LSTM model with the Fast text of skip-gram has outperformed the CNN-LSTM and the
CNN model with the Accuracy of 96.11 %.

Key Words: Bi-LSTM, LSTM, CNN, Hate Speech, Tigrinya language
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CHAPTER ONE

1. Introduction

1.1. Background of the study

The world is rapidly changing into one village, which is a well-known reality. It is developing
into a village in terms of information exchange, not in terms of place or geography. People
before the invention of the internet, when they want to communicate and exchange information
with their loved ones, such as their families, friends, and coworkers, they used to put a lot of
time and effort into it. However, with time and the emergence of the Internet in the late 1960s,
this approach has become obsolete!. Since then progressively, a lot has changed drastically,
making it simpler for us to receive or send information from our home, place of work, or
anywhere else thanks to the Internet of Things. The term "social media"” refers to a set of
Internet-based technologies that were developed on the web's technological basis and that enable
the production and sharing of user-generated content?. Facebook is one of the platforms used by
the Internet system to share information and transmit data. Facebook is a well-known social
media website with many users nowadays, allowing individuals from all over the world to
quickly exchange information. According to a study by Piotr Sorokwsk et al (al., 2020) 79% of
internet users use Facebook, and with more than 2.2 billion members now, Facebook is the most
popular social networking platform®, and therefore it indicates that Facebook is used by the

majority of social media users.

When we came to our country Ethiopia and our neighboring country Eritrea, currently the
number of internet users has increased by 17.9% and 6.9% respectively*. As a result, the number
of Facebook user’s growth rate is also increasing year by year, for instance in our country in
January 2020, 5.2% of the population was using Facebook and this status has increased by 1.4%
by October 2021 and became 6.6%°. Additionally, there are Eritreans in the world who can write

and speak the Tigrinya language using Facebook®. Therefore, these statistics shows that there is

! https://www.history.com/news/who-invented-the-internet

2 https://www.unapcict.org/Socia Media Development and Governance Module
3 https://www.websiteplanet.com/blog/social-media-platform-users/

4 https://www.internetworldstats.com/stats1.htm

S https://napoleoncat.com/stats/facebook-users-in-ethiopia/2021/09/

6 https://napoleoncat.com/stats/facebook-users-in-eritrea/2021/10/



an expeditious enhancement of internet users more specifically Facebook users than the other
social networks such as tweeter and YouTube in Ethiopia’ (Defar, 2019). Tigrinya is a member
of Ethio-Semitic languages, which belongs to the Afro-Asiatic superfamily, and is primarily
spoken in Eritrea and the Northern Province of Ethiopia, Tigray region. This language uses the
writing system of Geez script, specifically known as Ethiopic script which is originally

developed for the Geez language (Birhanu, Automatic Text Summarizer for Tigrinya, 2017).

Facebook supports and localizes various types of languages in the world (Defar, 2019), hence
in Ethiopia people who use Facebook can interact and communicate with their friends and
followers using their own languages and Tigrinya is among those languages. The main purpose
of Facebook is to put a group of people together and create the opportunity to share their ideas,
knowledge, and awareness about something they are fascinated by. Even though sharing
different sorts of information using the Facebook platforms between friends, individuals, and a
group of people is very advantageous and helpful, it has its own countless downsides, amidst
those numerous limitations and problems the forefront is that, it is too much convenient for the
widespread of hate speech.

Even if there is no formal definition of what hate speech is, there is a general consensus between
scholars and service providers to define it as “any expression that targets to attack an individual
person or a group on the basis of gender, race, ethnicity, religion and disability” (Al-Khalifa,
2020). The reason why Facebook became suitable for the spreading of hate speech is that
someone who uses Facebook can hide behind the screen and no one can identify who he or she
is, therefore he or she can disseminate hate speech by targeting some individuals or groups based
on a different basis (Zewdie Mossie and Jeng-Haur Wang, 2018). In the case of our country
Ethiopia, there has been an increasing conflict and violence unfolding due to the ethnic rivalry
and religious tensions since April 2018, and the spread of hate speech is using both online and
offline dialogue. (Ayalew, 2020). In Ethiopia Facebook has simply intensified existing tensions
on a massive scale regarding outspread of hate speech (Yohannes).

But, since the world is advancing in technologies, there are different methods and approaches
specifically traditional machine learning and deep learning approaches being used to tackle the

online widespread of hate speech on social media. In Ethiopia's context in order to reduce the

7 https://gs.statcounter.com/social-media-stats



widespread of hate speech across Facebook and some other social media platforms, some
research on Amharic and Afan-Oromo languages has been done using traditional machine
learning and deep learning approaches and they have achieved promising results. But for the
case of the Tigrinya language, there is no single research done yet to minimize the amount of
hate speech being spread on Facebook posts and comments based on the Tigrinya language.
Tigrinya is a low-resourced language in which it has is no free or enough textual dataset or
corpus prepared, and it uses under-resourced material, it has insufficient linguistic material and
tools for further natural language processing tasks. In addition to this Tigrinya language is
morphologically rich and complex both semantically and syntactically (Awet Fesseha, Eshete
Derb Emiru et al, 2021). For those who can read and understand the Tigrinya language, the
volume of hate speech produced and disseminated on the Facebook network using the Tigrinya

language is damaging and catastrophic.

The hate speech being spread might be based on a group or person's religion, race, color, or
gender. As a result, the positive relationships in our society are deteriorating over time because
of the rise of hate speech on Facebook. Therefore, it is important to limit the propagation of
hatred expressed through Tigrinya's writing. Therefore, as researchers, it is our goal to use a
deep learning approach to identify hate speech from Facebook posts and comments that are

written in the Tigrinya language.

1.2. Motivation of the study

Since it is easier to distribute hate speech by focusing on a specific person or group of people
based on a variety of characteristics on social media, hate speech is proliferating and broadening
frequently. We have been reading academic studies for a variety of languages about the use of
traditional and deep learning techniques to identify hate speech on social media. According to
the research papers we read, Amharic and Afan-Oromo are among the many languages being

studied, and they have provided a promising result.

In the meantime, despite the fact that hate speech in the Tigrinya language is being disseminated
on Facebook by people who can read and write Tigrinya here in Ethiopia, Eritrea as well as
throughout the rest of the world, no research has been conducted to address this issue yet. The
propagation of Tigrinya hate speech on social media has its own direct or indirect impact on the

society and, which is why it was a major driving force behind our research in this field. Thus, it

3



was necessary to identify and forbid the dissemination of hate speech written in the Tigrinya

language.

additionally, the thing that motivated us to do the research on this area is, that since Tigrinya is
an under-resourced language we want to contribute something by building and developing hate
speech detection models, and therefore this model and its dataset could be a contribution in the

aspects of natural language processing in which it will be useful for further research in the future.

Important and key Motivations of the researchers
e To contribute our effort in achieving peace and security by detecting hate speeches
being spread on Facebook using the Tigrinya language
e Since Tigrinya is morphologically rich and complex language and is highly inflected
we want to contribute our effort by providing trained model which detects Tigrinya
written hate speeches and therefore this could be a contribution to the low-resorced

language in the perspective of natural language processing.

Finally, we want to prepare dataset for the Tigrinya hate speech detection which is used to train
our model and it could also used as a benchmark and baseline for other researchers for further

studies.

1.3. Statement of the Problem

Facebook is among the most used and well-liked social media platforms, as is widely known,
and it has become a potent tool for communication and networking. The Facebook platform
makes it simple to share several forms of helpful information with its users, including text,
images, and video. Unfortunately, hate speech against an individual or a group of individuals
based on their sex, color, ethnicity, religion, or other traits is being transmitted using social
media and Facebook is one of the social networks. The rapid adoption of mobile phones and
internet access is the reason why information reaches users rapidly. Because of this, hate speech
on social media may become more prevalent and incite more violence, which can culminate in

actual criminal activity. (MercyCorpus, 2019).

In our nation, Ethiopia, conflicts have broken out over a variety of issues, including land borders,

and other resources, as well as political disagreements, racial tensions, and religious extremism.



The rise of hate speech on social media has had a big impact on people attacking one another

and disagreeing on various issues. (Peace, 2021).

The amount of data on social media is increasing at an exponential rate, making it extremely
difficult and time-consuming to manually identify each hateful content one by one and report it
to Facebook Company. In our country, in order to address and stop the proliferation of hate
speeches using social media, some studies have been done for Amharic and Afan-Oromo using
machine and deep learning approaches. Even though it does not completely solve the whole
problem there has been a promising result in detecting hate speech in these two languages.
Despite there being more than 86 diversified languages in our country Ethiopia®, most of the
hate speeches being spread are based on Amharic, Afan-Oromo, and Tigrinya. To the best of
our knowledge, we didn’t find single research done for the Tigrinya language to detect hate
speeches from Facebook posts and comments. Therefore, we have built a model using the deep
learning approach to recognize Tigrinya hate speech from Facebook posts and comments in
order to preserve and safeguard Tigrinya speakers who use Facebook from being exposed to
hate speeches against particular groups and individuals.

Therefore, as a statement of the problem, despite the fact that there are models developed for
Amharic and Afan- Oromo languages, and even many different models for a variety of
languages throughout the world to detect hate speeches from social networks, we need to
develop a new model for the Tigrinya language. The reason needed to develop a new model is
that the Tigrinya language has its own writing style and structure, which means the difference
in language, and therefore we cannot directly use and apply the model which is built for the
Ambharic or Afan-Oromo language. Furthermore, we wanted to employ different algorithm
techniques not previously used for Amharic or Afan-Oromo hate speech detection in order to

create an efficient model that could be able to detect hate speeches for the Tigrinya languages.

1.4. Research Questions
In order to build the Tigrinya Hate Speech Detection model this research paper comprises the
following research questions and throughout the entire work, we have answered the questions

listed below:

8 https://www.tomedes.com/translator-hub/languages-ethiopia



e RQ1: How to identify the data sources and prepare the dataset for the study?

e RQ2: Which feature extrction techniques give good performance for building the
model?

e RQ3: Which deep learning approaches can be used to build a best performing model
that can accurately predict and classify the Tigrinya texts as hate, offensive and

normal speech?

1.5. Objectives of the Study
1.5.1. General Objective
The General Objectives of this study is to design and develop Tigrinya Hate Speech Detection

Model for Facebook post and comments using Deep Learning Approaches.

1.5.2. Specific Objectives
In order to fulfill and achieve the general objective, the following specific objectives have been

carried out.

e Reviewing various literatures regarding hate speech detection.

e Collecting data from Facebook posts and comments and pre-process it.

e Extracting the processed data using feature extraction methods.

e Training the model by selecting the appropriate algorithm for hate speech detection
e Evaluating and analyzing the performance of the model using different evaluation

metrics.

1.6.  Significance of the Study

This study has a lot of significance and there are different beneficiaries from it. The first
beneficiary is the Facebook Company as they are trying to build a hate-free Facebook platform,
our work can be a great input for their company. The second beneficiary is the Ministry of peace
of Ethiopia because the widespread of hate speech has the power to incite violence and be
changed to the actual crime, therefore in bringing peace and security our designed model has its
own advantages to our country Ethiopia. The third beneficiaries of this study are the Facebook
users, they will not be poisoned by hate speech spread out based on a different basis of
characteristics towards individuals and groups. The final beneficiaries of this study are the
society, they will not be exposed to the hate speech and we all know that there has been



displacement of different societies from one place to another place in Ethiopia, and the hate
speeches being spread on social media by targeting a specific society has contributed and played
a major role for their displacement. Therefore, the stoppage of the wide spread of hate speech
written in the Tigrinya language on Facebook has its own benefits for society.

1.7. Scope and Limitation of the Study

1.7.1. Scope of the Study

The scope of this study is to design and develop a model that detects hate speeches from
Facebook posts and comments which is written using Fidel of Tigrinya language. The proposed
model detects the text and classifies them as hate, offensive, and normal speeches for the multi-
class classification and also classifies as hate and normal for the binary classification. We all
know that using the Facebook platform we can share various types of information and the
information might be in the format of text, image, or video. Thus, our proposed study has only
considered detecting the hate speeches which are written in a text (Fidel). Additionally, emojis
and texts being written using Latin words are not considered in our study that means we only

considered Tigrinya text written in Fidel script.

1.7.2. Limitation of the Study

As a limitation, there were various reasons why we did not consider detecting the hate speeches
being spread using video, image, emoji, and texts written in Latin words. The first reason was,
that we had a limitation of time; to accomplish this whole work in just a few months was
impossible. In addition to the time constraint to achieve our specific objectives, we had also a
limitation of resources and tools such as GPU to address such kinds of problems which means
we had no enough tools to comprise the hates being spread using emoji, image or video and

solve these whole problems.

1.8. Organization of the Study
This study is divided into many sections, each of which is divided into chapters, and every
chapter comprises a detailed description of a distinct topic. Let's take a closer look at each

chapter's contents.

In the first chapter [chapter one] different topics and subtopics are included, such as the

background of the study, motivation of the study, objectives of the study, statements of the



problem, research questions, scope and limitations are the main topics being raised throughout
this chapter. In the second chapter [chapter two] literature review and related works are
addressed, and different topics and subtopics are included in this section. Under this chapter we
have addressed the effects of Al in NLP, applications of NLP, machine learning and feature
extraction techniques, history of hate speech and its consequences, applications of ML in hate
speech detection, the Tigrinya language and its writing system in NLP, and finally related works

are the main topics throughout this chapter.

In the third chapter [chapter three] details about methodologies and materials used throughout
this study are described in detail. The topics are procedures of the research design, data
collection, data preprocessing techniques, feature extraction techniques, model selection
techniques, evaluation metrics, and simulation and hardware tools are the main topics addressed
in this section. In the fourth section [chapter four], the details of the methodologies we have
selected are clearly described. The sections are the proposed model architecture and the details
of model architecture starting from data collection to the evaluation metrics that have been
applied to our study are described in this chapter. In the fifth chapter [chapter five], the
implementation details of our study from data preprocessing to evaluating the model are
described clearly. In the sixth chapter [chapter six], the results of our study are clearly described,

and finally, the conclusion and future works are included in this section.



CHAPTER TWO

2. Literature Review and Related Work

2.1. Chapter Overview

The main objective of this thesis study is to design and build a model that can detect and classify
Facebook posts and comments as hate, offensive, and normal for the multi-class classification
and hate and normal for the binary classification for the Tigrinya language. In order to make this
chapter more comprehensible and easily understandable, we have classified them into different
sections. The first section covers the impacts of Al on natural language processing and its
applications, on the second phase some descriptions of different types of machine learning and
feature extraction techniques will be discussed, and the history of hate speech and its outcome
is assessed in the third phase. The fourth phase is about the application of machine learning on
hate speech, then an overview of the Tigrinya language and its writing system is covered, and
at the end of this chapter, some research that has been done on hate speech detection are assessed

with their respective results.

2.2. Overview over Effects of Al on Natural Language Processing

The study of artificial intelligence known as "natural language processing™ enables machines to
comprehend spoken and written words in various natural languages with ease. As a result,
machines can converse with people using human languages. Nearly everything in this century
is becoming digitized, and frequently the application of natural language processing by
integrating it with computers has a beneficial effect on our day-to-day activities. We all know
that peoples communicate with each other using natural language in order to do business, to
transfer a message, to make a point on something, or for other else purposes. Thus creating an
environment in which computers or machines understand human languages has brought major
positive impacts to the world, the reason behind this good impact is that machines cannot be
tired of doing something, they can work the whole day and night, and they cannot make mistakes

as humans do unless they are given invalid inputs.

Machine translation was the initial motivation behind the development of natural language

processing in the 1950s. At the time, even though the machine translation didn't work out, the



plan was to translate the Russian-written letter into English®. In addition to machine translation,
natural language processing is gradually being used in a variety of fields due to the prevalence
of language-based artificial intelligence. These fields include hate speech detection, Chabot,
sentiment analysis, text classification, text summarization, speech recognition, speaker
recognition, etc. As a result, the impacts of artificial intelligence in processing natural language

for various purposes in various fields are enormous.

2.2.1. Applications of Natural Language Processing
There are certainly many applications of natural language processing in use today; let's take a

quick look at a few of them?©.

Machine Translation: Amongst various applications of natural language processing machine
translation is one of the first applications of NLP in which it translates a specific source language
to another specific target language. One popular example of machine translation is Google
Translate.

Chatbot: A chatbot is a software program that combines Al technology with pre-established
rules in the natural language processing field. It is primarily made to comprehend natural
languages, through straightforward question-and-answer procedures, and the machine can

provide the customer with sufficient information and support.

Text classification: Text classification is a field of study in which unorganized data will be
categorized into specific classes. Massive amounts of texts are currently being produced on
different platforms, including, YouTube, Facebook, Twitter, emails, digital libraries, and
websites. Therefore, those generated texts can be used for different purposes in various areas
and categorized into a specific class. For example, spam-filtering, sentiment analysis, hate
speech detection, text summarization, news classification, and so on can be grouped as types of

text classification.

Sentiment Analysis: Sentiment analysis is a field of natural language processing in which it
manages to know the opinions of people by identifying the polarity of specific messages and

classifying it as to whether positive, negative, or neutral. Sentiment analysis is a very useful

9 https://us.k-international.com/blog/the-history-of-machine-translation/
10 https://monkeylearn.com/blog/natural-language-processing-applications/
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application of natural language processing, for example in marketing or specific aspects of
business and product launch, it is very essential to measure and know whether your customers

are satisfied or disappointed by your product.

Hate Speech Detection: In today’s world as freedom of speech is being practiced very well, and
as public speech can be mainstreamed easily using different media outlets, hate speech is being
proliferated straight-forwardly without hesitation. The hate speech being disseminated is based
on different characteristics such as racism, xenophobia, anti-Semitism, anti-Muslims, anti-
Christians, genders, etc. Therefore, by detecting hate speech, it is possible to protect our society
and the world from being exposed to hate speech, and it is possible to keep the susceptible
specific group or individuals from being victims. Hence hate speech detection is also one of the
applications of natural language processing, in which the model tries to detect the piece of
information and classify it as hate, offensive, and normal speech. Since our study is on hate
speech detection for the Tigrinya language, we will see the details of everything about hate

speech detection throughout this document.

Speech Recognition: Speech recognition is a way in which the machine translates the speech
being said into text, and presents it in text form. This automatic speech recognition can be very
useful in different work areas, such as transcribing a movie and preparing subtitles, for reports
in a meeting in which rather than writing what is being said and decided in a meeting manually,
writing everything using automatic speech recognition system would ease our workload and it

iS more accurate.

Information Retrieval: A software program that deals with the organizing, storing, retrieving,
and evaluating the information from the repositories of documents, specifically textual
information, is known as information retrieval (IR). The system helps users to locate the data
they need, but it does not clearly return the answers to their questions instead it provides

information about the existence and whereabouts of papers that may contain the necessary data.

Generally, Natural language processing has many different types of applications besides these

already mentioned, However, this would be sufficient for an overview.
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2.3.  Machine Learning and Feature Extraction Techniques

2.3.1. Machine Learning

Machine learning is a branch of artificial intelligence that gives computers the ability to
recognize patterns, learn from their experiences with acquired data, and develop their states
without being explicitly instructed or programmed. Therefore, the major goal of machine
learning is to develop an autonomous system that can mimic the functioning of the human brain
without the need for human interaction. There are three types of machine learning: supervised,
unsupervised, and reinforcement learning®!. In the supervised machine learning strategy, the
datasets will be trained with their respective target classes or labels, allowing the algorithm to
be trained on labeled data. On the other hand, unsupervised learning is the opposite of supervised
learning, it focuses on training data without any labeled data, meaning the algorithm alone
determines the association between multiple data points. Reinforcement learning is the other
type of machine learning in which it attempts to learn from the environment by mimicking
human brains. When a machine picks up new information from its environment, it tries to learn

the new situation through trials and errors and gets updated with the new information.

Numerous machine learning techniques are being used in many fields, and mainlyin natural
language processing. Support Vector Machine (SVM), K-Nearest Neighbor (KNN), Decision
Tree (DT), Random Forest (RF), Logistic Regression (LR), Naive Bayes (NB)'?, and many

others are among the most important and well-known machine learning techniques.

2.3.1.1. Deep Learning

Deep learning is a part of machine learning in which it solves complex and sophisticated
problems in a way the machine learning cannot do in an easy way. The reason behind solving
very sophisticated problems using deep learning better than machine learning is that, they have
complex and multilayered neural networks which are modeled definitely by emulating the
human brain. When compared to machine learning the deep learning approach requires less
human intervention because of their highest quality in solving numerous problems. There are
different types of deep learning algorithms being applied on different fields of areas for various
purposes. The mainly known deep learning algorithms are Multi Layer Perceptron (MLP),

Uhttps://www.javatpoint.com/machine-learning
12 https://iwww.simplilearn.com/10-algorithms-machine-learning-engineers-need-to-know-article
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Convolutional Neural Networks (CNN), and Recurrent Neural Networks (RNN), Long-Short

Term Memory, Generative Adversarial networks (GANs)*2,

2.3.2. Feature Extraction Techniques

Feature extraction is the process of converting text-level documents into numerical forms using
different types of feature extraction techniques. The main reason for changing the text into
numbers is, the machine can only understand numbers, therefore in natural language processing
after the steps of preprocessing such as cleaning, tokenization, stop word removal, stemming,
and lemmatization, then in order to feed it to the machine, the cleaned document needs to be
converted to numbers using various techniques of feature extractions. There are a number of

feature extraction techniques let’s see a few of them as follows

e Bag of Words

It is one way used for extracting features of a text in which it set out the occurrence of words in
different documents. This feature extraction technique worries about the occurrence of the word
in the document, which means it takes no notice and pays no attention to the sequence of words,
and syntactic and semantic structure of a text. For instance, let us see how a bag of words works

using the following illustrations

Document 1 (D1) Document 1 (D2) Stop words

AMANEC AI°AH 79k 2700 AJ APAR AT 0ASA AL AS T h
hS
Table 1: Examples of Bag of Words s

Terms Document 1 (D1) Document 2 (D2)

A MANSC 1 0

aagaq 0 1

e 0 1

A9°PAH 1 1

ALt 0 1

270n 1 0

13 https://www.javatpoint.com/deep-learning-algorithms
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1k 1 0

e N-grams
The N-gram is a feature extraction technique that is used to extract the concept of the text in a
given document by using different ranges of word sequences. The main advantage of this N-
gram model over the bag of words is that it can handle the sequence of words and tries to handle
the contextual meaning of a word in a text. Let’s see how n-gram works with the sentence
“hULANEC AR avent 4919+ ePCh”, for this example if we assign a unigram model with a
range of (n=1), it will store each and every word as tokens of one word and it is called a unigram
model. Therefore using unigram it will be [““AMHANEC”, “AIPAR”, “aoFU0t”, “QT191,”PPCO”].
When we make it a bigram model with a range of (n=2) it will be [“AMLANEC AIPAR”, “AI°PAT
avEt”, “avElet AT19 T, “aT19t ePCa”]. Hence whenever the range of n=gram increases, the

model will automatically increase to handle the sequence of words in a document.

e TF-IDF (Term Frequency-Inverse Document Frequency)

This TF-IDF is also one of the most widely used feature extraction techniques for different
studies and the intuition behind this technique is that it considers the frequency of a word
occurring in a document and measures how the word is more important than the other based on
their frequency of occurrences. While term frequency analyzes how frequently a word appears
in the current document, inverse document frequency analyzes how helpful or infrequent the

word is overall in the document.

e Word Embedding

Even though word embeddings are mainly classified into two categories namely, frequency-
based such as TF-IDF, Bag of Words, n-grams, etc., and prediction based in which it predicts
the representation of different words by considering the context of words, there are a number of
prediction based embedding techniques such as Word2Vec, Doc2Vec, Fast Text, Glove, and
etc. (Tela, May 2020)

The most common feature extraction method that addresses the issues and difficulties that arise
during feature extraction in natural language processing is called word embedding. The main

problem with the bag of words, N-grams, One-Hot Encoding, and TF-IDF is handling the
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syntactic and semantic relationship of words in a sentence. The word embedding techniques
have tried to tackle such challenges by creating the same representation of real-valued vectors
for words in a sentence that have similar meanings. Our study mainly uses and focuses on
prediction-based word embedding such as Embedding Layer, Word2Vec, and Fast Text, their

details are desribed in the next chapters.

2.4. History of Hate Speeches and Its Consequences

According to (Abrha, 2019), for a very long time especially before WWI1I our world have been
practicing and participating by taking an interest in the thoughts of hate speeches, in which
peoples or individuals hates each other based on differences in race, color, political views,
ethnicity, religion, gender identity, and disability. But gradually after WWII different European

countries started to draft regulations about hate speeches to protect the victims.

In the world, hate speech has brought its own awful consequences, and in the early world history,
hate speech has been broadcasted using different platforms. For example, the “Hitler’s Anti-
Semitic Policy” is propaganda that played a major role in the genocide of Jewish people.
Propaganda was the main reason behind the diffusion of hate speeches against the Jewish
people!*. During that time the propaganda had been propagated using movies and newspapers.
Therefore, the most terrible genocide of the Jewish people happened because of the hate speech

spread out against them.

The other consequence of hate speech in our recent history is the genocide of 500 thousand of
the minority people group of Tutsi which happened because of the hate speech propagated using
radio against them (Museum). Furthermore, in Kenya, there has been violence because of the
political parties divided themselves based on their ethnic background, as a result, local radio
stations and messaging were the main tools to disseminate hate speech which resulted the people
to fight each other (Museum). Similar incidents have taken place in Nigeria (Snaddon, 2017),
and Egypt (Abrha, 2019), these countries have also been in conflict because of hate speech

propagation using media outlets.

Also, in recent years because of the spread of online hate different hate crimes has happened as

a consequence. For instance, during Trump's presidential election hate crimes has happened, and

14 https://encyclopedia.ushmm.org/content/en/article/nazi-propaganda
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assaults of terrorism happened in New Zealand. Additionally, an assault has happened in the
United Kingdom of London and Manchester. Therefore, the world was practicing hate speech
and facing its consequences for centuries, and it is still a big problem for the world (Sindhu
Abro, Sarang Shaikh. et.al, 2020 ). Even though the ultimate consequence of diffusing hate
speeches against specific groups or individuals is inciting violence, on the other hand, societal
intolerance, distracting and poisoning thoughts of individuals and groups of people are also

consequences of hate speech.

2.4.1. Hate Speech and Social Media in Ethiopia

In the very long and modern history of Ethiopia, there have been practices of hate speeches,
more specifically slavery and racism were the main results of hate speeches. Yohannes Ayalew
(Ayalew, 2020) claims that in Ethiopia there were derogatory acts towards certain people by
labeling them as “Barya” which can be interpreted contextually as “slave” or “a person who has
very dark skin, flat nose, and kinky hair”. All of these allegations and dehumanization towards

a specific group of people were an apparent manifestation of hate speeches.

Recently, according to (Abrha, 2019), in Ethiopia hate speech is escalating highly, the reason
behind the escalation of hate speech is the ethnicity-based formation of regional states of the
country, and political differences, which create a label of “them” and “us”, blaming the current
generation based on wrong did of the previous generation, and instead of condemning an
individual for his wrong did, trying to generalize his faults to his ethnicity, political, and
religious views which leads to violence, the lack of societal watchfulness in which our society
has no awareness about the dangerous outcome of hate speech are the main reason of hate speech
dissemination and escalation. In addition to that, the emergence and rapid developments of
technology have brought a significant opportunity in which everyone can easily use the social
media platform in a cost-effective way. As a result of using these social media platforms some
irresponsible elites, political parties, activists and individuals will propagate hate speeches to
society. Therefore, social media is playing a major role in escalating hate speech in Ethiopia.

(Ayalew, 2020) Asserts that in Ethiopia there has been quarrel and violence being spread
towards the society. The reasons for the dissemination of the hate were the online and offline
conversations using social networks such as Facebook, YouTube, and Twitter. However to

tackle this problem and in order to protect the victims of hate speeches the Ethiopian government
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has ratified a law about hate speech under the “Ethiopian Hate Speech and Disinformation
Prevention and Suppression Proclamation”, which basically tries to define hate as “Hate speech”
is the speech that intentionally promotes discrimination, hatred, or attack against a discernable
group of identity or person, based on race, ethnicity, gender, religion or disability.” (Surafel
Getachew Tesfaye and Kula Kekeba Tune, 2020).

2.4.2. Definitions of Hate Speeches

Our model detects the text and classifies it as hate, offensive, and normal speech for the multi-
class classification and hate and normal for the binary classification for the Tigrinya language,
therefore let us see the definitions of hate speeches. Hate speech has been defined by different
legal and academic literature, and organizations such as by Facebook Company, but there is no
agreement on the definition of hate speech. The reason for no common consent on the definition
is because hate speech depends on social norms, context and situation, individual and group
interpretations (Zewdie Mossie and Jeng-Haur Wang, 2018). That means the definitions vary
from place to place based on such criteria. However, let us put the definition written and stated
by Facebook Company, Ethiopian Hate speech law, and other academic literature.

Table 2: Definitions of Hate Speeches

Articulators Definitions

Facebook “Objectionable content that directly attacks the people based on their
protected characteristics such as religious affiliation, sexual
orientation, caste, sex, race, ethnicity, national origin, gender, gender
identity, and serious disease or disability.” (Surafel Getachew Tesfaye
and Kula Kekeba Tune, 2020).

Ethiopian Hate “Ethiopian Hate Speech and Disinformation Prevention and

Speech Law Suppression Proclamation Page 12339 under Proclamation No. 1185
/2020 “Hate speech’ is the speech that intentionally promotes
discrimination, hatred, or attack against a discernable group of
identity or person, based on race, ethnicity, gender, religion or
disability.” (Surafel Getachew Tesfaye and Kula Kekeba Tune, 2020).
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Twitter “Hateful conduct: You may not promote violence against or directly
attack or threaten other people based on race, ethnicity, national
origin, sexual orientation, gender, gender identity, religious affiliation,

age, disability, or disease.” (kanessaa, 2021)

Academic "A speech or any form of expression that expresses hatred against a
Literatures person or a group of people because of characteristics they share or a
group to which they belong." (Zewdie Mossie and Jeng-Haur Wang,
2018).

Recent Studies “Speech which either promote acts of violence or creates an
environments of prejudice that may eventually result in an actual
violent acts against a group of people.” (Zewdie Mossie and Jeng-
Haur Wang, 2018).

As we have seen from the table there are a variety of definitions about what hate speech is and
the meaning of the definition is dependent on subjective interpretation. Despite all of the
definitions having almost related meanings to each other, for our study we have mainly

considered the definitions used by both Facebook and Ethiopian Hate Speech law.

In addition to the hate speeches, there is a speech called offensive speech which has a low degree
of hate speeches. Offensive speech might happen to make a point during conversation, debates,
or jokes between peoples or friends, and the speech might offend someone, but has no intentions
of hate towards individuals based on different characteristics. (Surafel Getachew Tesfaye and
Kula Kekeba Tune, 2020).

Finally, there is normal speech, we say a speech is normal whenever it is neither hate speech nor
offensive speech rather it is normal. Therefore, our proposed model detects the text of the
Tigrinya language based on both binary and multi-class classification using deep learning

approaches.
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2.4.3. Hate Speech vs Freedom of Speech and Expressions

There are different controversial debates among scholars regarding hate speech detection and
freedom of speech and expression (Scheffler, 2015). One of the rights protected by human rights
is the freedom of expression and speech. However, using hate speech in the course of exercising
this right has the potential to endanger the wellness of individuals, groups of people, and the
peace and security of entire countries. This has given rise to arguments for and against
expression restrictions due to the unanticipated negative effects of the exercise of freedom of
expression. In the perspective of freedom of expressions the major debates were because of
restricting freedom of speeches, truths might not be told and will be left without being exposed,
and free speech is considered as the most reliable means of discovering the ‘truth’, and therefore
its restriction is judged as a real social loss (Mendel, 2006). Contrarily, a number of arguments
are brought forward in favor of restricting free speech, concerning hate speech. Hate speech is
believed to serve no purpose in society rather it has the power to incite violence and leads to
genocide, and also it undermine a person’s dignity (Waldron, 2012). Hate speech prohibitions
are believed to be able to protect particularly minority groups and thus also protect the inclusive
character of a society (Stevens, June 2012). However, in case of our country Ethiopia to tackle
the problem a law prohibiting hate speech has been approved by the Ethiopian government under
the “Ethiopian Hate Speech and Disinformation Prevention and Suppression Proclamation No.
1185/ 2020”.

2.5.  Applications of Machine Learning in Hate Speech Detection

It is well-known that there is a high amount of hate speech diffusion across various social
networks. On Facebook, to protect against the spread of hate there was a mechanism in which a
person could report to the Facebook company if she/he saw hateful content written by somebody
on the platform, and the Facebook company will check the content of the text, then passes some
decisions about the user whether to restrict the account or give a warning. But this process is
very tiresome and it is too difficult to manually report each and every hate written on Facebook

pages.

To tackle the problem, the idea of machine learning has created a better situation for detecting
hateful content. Machine learning is a branch of artificial intelligence in which the model can

train and learn a pattern from experience of the given data and then makes predictions when new
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data is given to the model. Using machine learning algorithms, it is possible to build a model
which can be able to detect hateful content from non-hate and can create a hate-free environment
on Facebook and other social media networks. Machine learning is playing a major role in
detecting the hateful contents of texts. Different studies have been conducted on hate speech
detection using machine learning algorithms from social media networks. (Sindhu Abro, Sarang
Shaikh, et.al, 2020) (kanessaa, 2021) (Zewdie Mossie and Jeng-Haur Wang, 2018).

2.5.1. Deep Learning and Hate Speech Detection

Despite hate speech from social media can be detected using a machine learning algorithm, it is
also possible to detect it using deep learning approaches. Deep learning is a type of machine
learning algorithm which uses a lot of neurons to learn a pattern from data. The deep learning
approach draws a conclusion by analyzing the data using different algorithms in a similar way
in which human draws a conclusion. From the perspective of performance, it has better
achievement than the traditional machine learning. There is been a lot of interest in this field
lately, different researchers have used this deep learning approach for the purpose of hate speech
detection from social networks and the results are extremely surprising and full of hope for the
future. (Ashwin Geet D’Sa, Irina Illina, et.al) (Jitendra Singh Malik, Guansong Pang, et.al, Feb
2022)

2.6. The Tigrinya Language

Tigrinya (also written as Tigrigna) is a Semitic language. Although there are other Semitic
languages in Ethiopia and other parts of the world, some scholars assert that the most widely
spoken Semitic languages are Arabic, Amharic, Tigrinya, Hebrew, and Aramaic. Tigrinya is
spoken in Eritrea and northern Ethiopia of Tigray regional states and uses the Ethiopic writing

system which evolved from the Geez language (Regassa, 2017).

2.6.1. The Tigrinya Writing System
Tigrinya language has its own characters (Fidel), punctuation, and numbering system. Tigrinya
has 35 basic symbols in seven orders, where each symbol is represented by a combination of

consonants and vowels (Regassa, 2017).
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2.6.1.1. Punctuation Marks of Tigrinya Language

Like many other languages, the Tigrinya language has also its own punctuation marks. A
punctuation mark is a symbol in which each representation of the symbol has a specific purpose
in the language. The mainly well-known and being used punctuation marks are the following:

Kcaot e (=2)/ 'arbaete netbi ' /: is a punctuation mark used in the Tigrinya language, and it is

used for the purpose of ending a sentence, it has the same purpose as a full stop in English.

124 AZH (3)/ 'netsela serez' /: used to separate a list of elements from each other, and its

functionality is the same as commas functionality in English

£C0 AZH (5)/ 'drb serez ' /: used to show relationships of one idea between phrases and

sentences, it has similar functionality as semicolons for English.

hévt 1L 920 a2 (3-)/ 'Kilte netbi ms chret ' /: used for indicating a list of elements in a sentence,

it has similar functionalities as a colon in English.

hévt 1N, (z)/ ' klte netbi /: the functionality of this symbol was to separate one word from the

other, but recently instead of using this symbol, white space is being used.

avt PARF(?)/ 'hito mikt ' /: a symbol that we put at the end of a sentence to make our sentence

in interrogative form.

+ageCH K¢ (1)/ 'tmrte ankro'/: this is a symbol that we put at the end of the sentence to indicate

some strong emotions, feelings or emphasis on something.

2.6.2. Morphology of Tigrinya language
Like most Semitic languages are morphologically rich and complex, the Tigrinya language is
also morphologically rich and complex. The reason behind its complexity is that it is highly

inflectional and derivative language.

2.6.2.1. Morphological Inflection of Tigrinya Language
The inflection of a word in Tigrinya can be created by adding different affixes to the root words,
therefore the root of the word can be found in various forms. There are highly inflectional parts

of speech in Tigrinya languages these are the verbs, nouns, and adjectives (G/Medhin, 2018).
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Verbs: Tigrinya verbs can be inflected to different forms such as numbers, persons, gender,

tense, and so on by adding affixes to the stem verb. There are different forms of verbs these are

gerundive, jussive, imperative, perfective, and imperfective. For example, to create an inflected

word from the verb adding affixes to the stem verb will inflect the verb. The result of the

inflection can inform to number which is used to identify singular or plural in number, gender

to identify the masculine from feminine, and person to identify whether it is first, second or third

person, tense to indicate the time of the action (G/Medhin, 2018).

Let’s see an example illustrated by (Birhanu, Automatic Text Summarizer for Tigrinya

Language, 2017), Inflection of verb for gender persons, and numbers for the 2<a/dks/’-sleep

Table 3: Inflections of Verb for Gender Persons, and Numbers

Gender persons
First person Second person Third person
Singular Plural Singular | Plural Singular | Plural
Masculine | &0 Le0G Le0nn LeOhge Lb( Lnge
['dekise’/ ['dekisna'/ ['dekiska'/ | /'dekiskum’ | /'dekisu’/ | /'dekisom’/
| sleep We sleep You / he sleep | they sleep
sleep You sleep
Feminine | &&a Le0G Leah. Le0h7 L2bA 207
['dekise’/ ['dekisna’/ I'dekiski'/ | /'dekiskn’/ | /'dekisa’/ | /'dekisen’/
| sleep We sleep You Yousleep | she sleep | they sleep
sleep

Adjectives: are also one part of speech in the Tigrinya language, and an adjective can be

inflected into different forms, and the inflected word can indicate a number, person, degree,

gender, etc. adjectives in Tigrinya can be inflected by adding morphemes such as -x/'0'/, -+/'t/,

-k/'ti'/, -hPg°['atom, -a®/'awi, -at/'at, - AR t+/'awit, h/k-, i/z- to the suffix of words (G/Medhin,

2018)

Table 4: Tigrigna Inflection of Adjectives

No. | Male

Female

Plural form

degree

Comparative

Superlative degree
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1 Cio Co-ot Caort £CAao Ht+i00
['rsue'/ | /'rseti'/ /'rsuat' / [ 'yrsae' / [ 'zterese'e' /

Nouns: Tigrinya nouns is one parts of speech in Tigrinya language in which the noun can be
given to places, humans, events, places etc. therefore it can also be inflected to different
morphological words, and the inflected word might show numbers, gender, possession, and

definiteness, etc.

2.6.2.2. Morphological Derivation of Tigrinya Language

Derivational morphology is a sort of word construction that allows for the creation of new words
from old ones that have a different meaning than the original. According to (G/Medhin, 2018) ,
the Tigrinya language is extremely derivational, and nouns, verbs, and adjectives are the parts

of speech that have the most derivation.

Nouns: nouns can be derived using another word class using compound words by adding affixes.
When we say compound word, the newly derived noun is constructed from two dissimilar
words. For instance, (/'bet'/ which means house and &c4./'frdi'/ which means judgement, and
0-H/'bet’/ and -N&%/blei’/ which means food, those are two separate words, when they get
combined together, they give derivate noun. The first example will be (. ¢4, /'bet frdi '/, which
means court and the second one (7 1A%, /'bet blei '/, which means court. Additionally, by adding
different affixes to a word of noun another form of word can be derived from the existing one.
Example adding affixes like -t /'net '/to a word a0l /'seb’/ which means human being then it will

give us O + -rt as At /'sebnet’/ which means humanity.

Adjectives: similar to nouns, adjectives of the Tigrinya language can also be derived from nouns
by adding some different morphemes to the word such as -4®/‘awi, -®/wi, to nouns such as:
Aste&el'etyopya’l, Y1¢/'hager’/, and probably it will give as a derived word of adjective A +¢-& 22/
‘etyopiwi'/ and 71¢-®/'hagerawi'/ respectively. In addition to this it is possible to derivate from a
root verb and change the form and meaning of the word. Example we can infix the vowel -4/'u'/-

, to the root word @-&3/'wdk'/, then it will be @-8.%/'wduk'/ which means failed or invalid.

Verbs: here verbs of Tigrinya can only be derived from verbal roots and stems. It is not possible

to derive a verb from noun or adjectives of a word.
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In general, the objectives of the above examples about the morphological structure of the
Tigrinya language, either its inflectional or derivational properties of the language is only to
show how the language is morphologically rich and complex, therefore it requires more

emphasis for further studies.

2.7. The Tigrinya language in NLP

Like many other languages in the world, the Tigrinya language can also be used for natural
language processing in this digital era. For this reason, various types of studies about natural
language processing for the Tigrinya language have been done over a few years. But since the
language is grouped as an under-resourced language, it is very challenging to get different
important resources and tools easily. However, except for the hate speech detection for the
Tigrinya language few of studies has been conducted by considering various fields of areas. For
instance, sentiment analysis (Tela, May 2020) (G/Medhin, 2018), news classifications (Awet
Fesseha, Eshete Derb Emiru et al, 2021) (BERHE, 2011), Tigrinya Part-of-Speech Tagging
(Yemane Keleta Tedla , Kazuhide Yamamoto, et.al., 2016), word sense disambiguation’s,
machine translation (Adhanom, Dec 2019) (Zemicheal Berihu, Gebremariam Mesfin, et.al, 2020
) and many more are amongst the slightly addressed fields of studies for the Tigrinya language

in the fields of natural processing, and more are yet to come.

2.8. Related Works

With the development of technology and the rise of social media users in recent years, it has
become easier and more convenient to spread hate speech against society. Therefore, a number
of studies on the topic of detecting hate speech from social media networks have been successful

in helping to solve this problem.

Although there is no a single study on the topic of detecting hate speech on social media for
the Tigrinya language, there are some studies done for Amharic and Afan-Oromo locally in
Ethiopia. Furthermore, there are a lot of research on this topic worldwide, so let's take a look at

some of the most recent studies on detecting hate speech.

Zewde Mossie et al. (Zewdie Mossie and Jeng-Haur Wang, 2018) this paper tried to detect hate
speeches from Facebook posts and comments for Amharic language. They have used Naive
Bayes (NB) and Random Forest (RF) algorithms for classification purpose, and TF-IDF and
Word2Vec for the purpose of feature extraction. According to the paper the Naive Bayes
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algorithm has outperformed Random Forest using Word2Vec feature extraction with the
evaluation metrics of Accuracy (0.79), ROC Score (0.83) and Area under PR (0.85).

Yonas Kenenisa Defar (Defar, 2019) these researchers have tried to detect hate speech for
Ambharic language from Facebook posts and comments and they have prepared two separate
datasets one for binary classification and the other for ternary classification, which means in the
binary classification they classified the text as normal and hate speech, but at the ternary
classification they classified the hate speech in to two classes as hate speech and offensive
speech which will be classified as normal, hate and offensive speech. In order to classify the
data they have used three machine learning classification algorithms namely SVM, NB, RF and
also they have tried to use seven feature extraction techniques such as word n-gram(unigram,
bigram, trigram), combined n-gram, TF-IDF, TF-IDF combined n-grams, Word2Vec. Finally,
for the binary classification the SVM with Word2Vec has performed a better classification result
with F1-Score of 73% than that of NB and RF. Also, for the ternary classification the SVM with
Word2Vec has outperformed the NB and RF with F1-Score of 53%.

Surafel Getachew & Kula Kekeba. (Surafel Getachew Tesfaye and Kula Kekeba Tune, 2020)
In this research paper, the researchers have made an effort to detect hate speeches written in
Ambharic from Facebook using variants of Recurrent Neural Network. Here they have tried to
use Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) for the purpose of
classification. They also have used word n-grams and Word2Vec for feature extraction. As a
result, the LSTM- with Word2Vec has outperformed the GRU with an accuracy of 97.9%.

Naol Bakala Defersha & Kula Kekeba Tune. (Naol Bakala Defersha and Kula Kekeba Tune,
2021) These researcher’s intention was to develop a model which detects hate speech for Afan-
Oromo language from Facebook and Twitter, and they have made an attempt to use six machine
learning classification algorithms such as Linear Support Vector Machine, Multinomial Naive
Bayes, Random Forest, Logistic Regression, SVM and Decision Tree. They have used bigram
with a combination of TF-IDF for the purpose of feature extraction. Generally, the Support
vector machine of the Linear Support Classifier has outperformed the above-mentioned

classifiers with measurement metrics of Precision 66%, recall 66%, and F-score 64%.

Lata Guta kanessaa. (kanessaa, 2021) These researchers have studied a binary classification

of hate speech detection using machine learning for the case of Afan-Oromo. They have used
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four different machine learning algorithms namely Linear Support Vector Machine, Logistic
Regression, Random Forest, and Naive Bayes. They have used many feature extraction
techniques such as TF-IDF, N-grams, and Word2Vec. As a result, Linear Support Vector
Machine with TF-IDF combined with N-grams has outperformed the other three Machine

learning techniques with accuracy, F1-Score, precision, and recall of 0.96.

Baharudin Sherif Kemal. (Kemal, 2021) These researchers have studied bilingual hate speech
detection and applied binary classification for Afaan Oromo and Amahric languages. They have
used six different deep learning approaches of LSTM, GRU, Bi-LSTM, Bi-GRU,
BiLSTM+Attention and Bi-GRU+Attention mechanism using word2vec feature extraction
techniques. As a result, The BiLSTM model has outperformed the rest of deep learning

approaches listed above with an accuracy of of 94.3% and f1-score of 94.3%.

Pradeep Kumar Roy et.al (Pradeep Kumar Roy,Asis Kumar Tripathy et.al, November 20,
2020.) This paper has used both machine learning and deep learning approaches to build a model
that can detect and classify tweeted comments as hate speech or non-hate speech for English.
The researchers have used different baseline models such as Logistic Regression (LR), Naive
Bayes (NB), Random Forest (RF), Support Vector |Machine (SVM), K-Nearest Neighbor
(KNN), Gradient Boosting (GB), and Decision Trees (DT) with TF-IDF and different
combinations of n-grams for the purpose of feature extraction. Therefore, from the whole listed
above traditional machine learning approaches the SVM has achieved a better performance to
detect hate speech than the other models with a Precision of 0.54. On the other hand, the
researcher has also used deep learning-based models such as Convolutional Neural Network
(CNN), Long Short-Term Memory (LSTM), and a combination of LSTM and CNN (L-CNN)
with Glove embedding techniques for vectorization. Therefore, from the deep learning-based
models, CNN has achieved better performance with a recall value of 0.88 for hate and 0.99 for

non-hate speeches.

Raghad Alshalan and Hend Al-Khalifa (Raghad Alshalan and Hend Al-Khalifa, 2020) in this
paper the researchers have made an effort to detect an Arabic tweets of hate speeches from
twitter. They have used deep learning approaches such as Convolutional Neural Network
(CNN), Gated Recurrent Unit of RNN (GRU), and combinations of both CNN and GRU by
using Word2vec model of Continuous Bag of Words (CBOW). They have done a lot of
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comparisons, first they compared the results provided by CNN, GRU, and combined CNN and
GRU, and here the CNN has outperformed GRU and CNN-GRU combinations using Word2vec
feature extraction methods with F1-Score of 0.79 and Area under Receiver Operation AUROC
of 0.89. The researchers have also compared the result they gained with traditional machine
learning algorithm called SVM and Logistic Regression (LR). Even though those traditional
classifiers resulted a lesser output than that of the above deep learning approach they have
showed a promising result and their difference in the result is not that much big. Finally, the
researchers have tried to fine-tune their work by using Bidirectional Encoder Representation
from Transformers (BERT). But the result didn’t even reach with the traditional machine

learning algorithms.

Dewa Ayu Nadia Taradhita and | Ketut Gede Darma Putra. (Putra, Dewa Ayu Nadia
Taradhita and | Ketut Gede Darma, 2021), these researchers have classified the hate speech for
the Indonesian language on tweeter. They have used Convolutional Neural Network (CNN) as
a method for classification of the hate speeches with TF-IDF for the feature extraction purpose.
They performed a binary classification by dividing the dataset into hate speech and non-hate
speech. During the training and validation stage, they achieved an accuracy of 90.85% and

88.34% respectively, and finally for the testing stages, they have achieved 82.5% of accuracy.

2.8.1. Summary of Related Works
The first three papers written by (Zewdie Mossie and Jeng-Haur Wang, 2018), (Defar, 2019)and
(Surafel Getachew Tesfaye and Kula Kekeba Tune, 2020) have detected Amharic hate speech
from Facebook, they all have their own qualities. The first paper written by Zewdie and Wang
has used only two machine learning algorithm called NB and RF using TF-IDF and they have
achieved a better results of 0.79 accuracy than that of Kenenisa Defar (Defar, 2019) the better
achievement and quality of Yonas Kenenisa from Zewdie and Wang is that it has tried to use
three machine learning algorithms SVM, NB, and RF by comparing with seven feature
extraction methods. Additionally, they also have prepared two datasets, one for binary
classification and the other for ternary classification. They achieved 73% and 53% of F1-score
for both binary and ternary classification respectively. Even though they have achieved lower
performance on the ternary classification their best quality is their usage of more than two
machine learning algorithms and more than six feature extraction methods. But the third one
which is written by Surafel Getachew and Kula Kekeba (Surafel Getachew Tesfaye and Kula
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Kekeba Tune, 2020) have used LSTM with Word2vec and achieved a better result of 97.9 %
accuracy. Generally, from the three papers which are used to detect Amharic hate speeches from
Facebook the one which used deep learning approach has succeeded and achieved an effective
result than the rest two papers.

These two papers of Naol Bakala Defersha, Kula Kekeba Tune (Naol Bakala Defersha and
Kula Kekeba Tune, 2021) and Lata Guta kanessaa (kanessaa, 2021), Have also studied on
detection of Afan-Oromo hate speeches from Facebook posts and comments. The first paper
done by (Naol Bakala Defersha and Kula Kekeba Tune, 2021), they have used more than five
machine learning algorithms using bigram combined with TF-IDF feature extraction methods.
Even though they have tried to use these all machine learning algorithms which is a good part
of the research but they didn’t achieve an efficient result. They scored 66% of precision, 66%
of recall and 64%. of F-score. The second paper of Afan-Oromo hate speech detection from
Facebook is done by (kanessaa, 2021). The researchers have compared four different machine
learning algorithms with more than three different feature extraction techniques. He has
achieved good performance with an accuracy of 0.96 for binary classification. In addition to this
Baharudin Sherif Kemal. (Kemal, 2021) Has also studied bilingual hate speech detection for
both Afaan Oromo and Amharic languages. The best quality of this paper is that, the researchers
have used six different deep learning approaches including the attention mechanisms, and also,
they have used word2vec for the purpose of feature extraction. As a result, the Bi-LSTM model
has achieved a better result than the rest five deep learning algorithms with an accuracy of
94.3%.

The paper written by (Pradeep Kumar Roy,Asis Kumar Tripathy et.al, November 20, 2020.), for
detecting hate and non-hate speeches of tweeted comments for English language. The prime
quality of this paper is that it comprises seven baseline models with TF-IDF and combinations
of n-grams for feature representations. Comparing more models with each other will enable us
to choose the best performing algorithm form the rest. From the baselines the SVM has
performed well than the other traditional machine learning algorithm. Additionally, this study
has also applied three different deep learning models with Glove word embedding techniques,
and CNN has performed better than LSTM and L-CNN.
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The downside of this study is that during the preparation of the dataset they have used an
imbalanced data whenever they categorize the data as hate and non-hate speeches that means
from the total of 31962 tweets the 29720 which means 92.98% are non-hate and the rest of 2242
tweets (7.02%) are hate speeches. Which means this study has the issue of data misbalancing

therefore model bias could occur easily

Raghad Alshalan and Hend Al-Khalifa (Al-Khalifa, 2020) and Dewa Ayu Nadia Taradhita
and | Ketut Gede Darma Putra (Putra, Dewa Ayu Nadia Taradhita and | Ketut Gede Darma,
2021) have tried to detect hate speeches from tweeter for Arabic and Indonesian language
respectively. For the Arabic hate speech detection, they have used various types of deep learning
approaches such as CNN, GRU and CNN and GRU combined together with CBOW of
Word2vec of word embedding techniques. They have achieved F1-score of 0.79 and AUROC
of 0.89. The best quality of this research is, they have compared the result achieved using
different deep learning approaches, traditional machine learning algorithm, and according to the
result those machine learning algorithms have achieved a lesser result. The other best thing of
this research of Arabic hate speech detection is their attempt to fine-tune their work using BERT,
even though they have achieved a lesser result than the traditional machine learning algorithm
their effort was inspiring. On the other hand Dewa Ayu Nadia Taradhita and | Ketut Gede
Darma Putra (Putra, Dewa Ayu Nadia Taradhita and | Ketut Gede Darma, 2021) have made
an effort to detect hate speech from tweeter for Indonesian language. They have used CNN of
deep learning approach to classify the text as binary classification of hate and non-hate using
TF-1DF of feature extraction. They achieved 82.5% of accuracy. The best quality of this research
paper is, they only used a very few datasets and attained a better accuracy. Additionally, they
only used one feature extraction methods which is frequency based. If they had tried to use some
other methods such as sequence-based word embedding techniques for further comparison they

might have achieved a great result.
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Table 5 : Summary of Related Works

] o Algorithms &
No Title Author Objectives Gap year
Accuracy
Social network hate (Zewdie Mossie | Detecting and Naive Bayes using | They have applied only binary 2018
speech detection for and Jeng-Haur classifying whether | Word2Vec. classification; additionally, deep
. Ambharic language Wang, 2018) a text is hate or no- | Accuracy 0.79, learning approach might bring a
hate ROC Score 0.83 better result.
and Area under
PR.85.
Hate Speech Detection (Defar, 2019) Classifying the text | SVM with They have used traditional 2019
for Amharic Language as hate and non- Word2Vec. machine learning, they would have
on Social Media Using hate speech as 73% and 53% of brought a better performance using
5 Machine Learning binary class and F1-socre for binary | deep learning approach, and the
Techniques hate, non-hate and | and ternary result achieved is not good enough
offensive speech as | classification
ternary respectively
classification
Automated Amharic Hate | (Surafel Classifying the text | LSTM with They got an accuracy of 97.9 2020
3 speech Posts and Getachew as hate and free Word2vec. which is almost perfect, but it is
Comments Detection Tesfaye and Accuracy of only for binary classification
97.9%.
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Model using Recurrent

Kula Kekeba

Neural Network Tune, 2020)
Detection of Hate Speech | (Naol Bakala Classifying Afan- | LSVM with bigram | Using the traditional machine 2021
Text in Afan Oromo Defersha and Oromo texts as combined with TF- | learning they didn’t achieve good
Social Media using Kula Kekeba hate and normal IDF performances.
Machine Learning Tune, 2021) Precision 66%,
Approach recall66%, and F-
score 64%.
Hate Speech Detection | (kanessaa, 2021) | Classifying Afan- | LSVM with TF- Using the traditional machine 2021
Framework from Social Oromo texts as hate | IDF combined with | learning they only trained the
Media Content: The Case and neutral N-grams has model for binary classification
of Afaan achieved an
Oromoo Language accuracy of 96 %.
Bilingual Social Media (Kemal, 2021) Detecting and Bi-LSTM with The only gap we did see is, they 2021

Text Hate Speech
Detection For Afaan
Oromo and Amharic
Languages Using Deep

Learning

classifying whether
a text is hate or
free for both Afaan
Oromo and

Amaharic

Word2vec achieved
an accuracy of
94.3%, and F1-
Score of 94.2%.

only have applied for binary
classification. but their effort is

great
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A Deep Learning (Al-Khalifa, Classifying Arabic | CNN using They only tried for binary 2020
. Approach for Automatic | 2020) tweets as hate and | Word2vec. F1- classification they didn’t

Hate Speech Detection in non-hate speeches | score of 0.79 and differentiate hate from offensive

the Saudi Twittersphere AUROC of 0.89 speech.

Hate Speech (Putra, Dewa Classifying CNN with TF-IDF. | It only classifies as binary 2021
8 | Classification in Ayu Nadia Indonesian tweets | Accuracy of 82.5% | classification, and it only uses one

Indonesian Language Taradhitaand | | as hate and non- feature extraction method.

Tweets by Using Ketut Gede hate speeches

Convolutional Neural Darma, 2021)

Network

Generally different studies have been conducted wordwide about developing hate speech detections using machine and deep learning

algorithms, but we mainly considered on the studies that has been conducted recently in our country Ethiopia.
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3.1.

CHAPTER THREE

3. Research Methodology and Tools

Chapter Overview

The main objective of this study is to create and develop a model that can detect Tigrinya written

texts and categorize them as hate, normal, or offensive speech for multi-class classification and

normal and hate for binary classification accordingly. We have so employed a variety of

methodologies, tools, and techniques in the development of this model. Therefore, in this chapter

we have covered the specifics of each tool and methodology utilized in building the Tigrinya

hate speech detection model.

3.2.

Procedures of the Research Design

In this study we have followed different procedures to achieve our goal. The following are the

steps and procedures we followed:

Problem Identification: first we identified a problem area, because before starting to
solve something, first the problem should be identified, hence our first procedure was
reading different papers and identifying a problem.

Paper Review: the next procedure is to read and review different papers written and
studied about hate speech detection. The reason behind reading and reviewing various
papers about hate speech is to find limitation and gaps.

Formulation of Research Question: on this stage we formulated research questions
that fits to our objectives which later have been answered throughout the study.

Data Collection: after preparing a research question, we have collected the data from
different Facebook pages of posts and comments written in Tigrinya language.
Defining and Designing the Proposed Model: by considering the formulated research
question we have defined and designed the proposed model.

Implementation: after designing the proposed model, we applied the implementation
based on the proposed model, and at this step the Tigrinya hate speech detection model

is developed accordingly.

33



e Performance Evaluation: once after we have designed and developed the model, we
have evaluated the performance of the model at this step by using different evaluation
metrics and techniques.

e Results and Discussions: finally, after evaluating the performance of the model, the

results are discussed and explained clearly.

Prob1|ern [dentification Paper Review Formulation of Research Data Collection
Question
¢ Reading Different e .
Papers - g?ﬁﬁgg tllliplir:ntiﬁed o ¢ CreatingRescarch L, ° gc’aimgk[{?t?‘ From
Finding Problem Areas - Questions aceh00% LSig
¢ fmome Problem Different Tools
¢ Finding Problem Areas
v
Result & Discussion Performance Evaluation Implementations Design the Proposed Model
+ Dutting Clearly What * E;"’lllgjn“:ieg“];[o wl o Implementing the _ _
the Evaluated Model * U P Different [— Designed Proposed [ ¢ Designing the Entire
Has Achieved sing Lieret. Model Detail of Our Proposed
Evaluation Metrics . Model

Figure 1: Procedure of the Research Design

3.3. Data collection

In order to build a model for the Tigrinya hate speech detection, first we need a data, without
data it is impossible to talk about training a machine about detecting the hate text from the
offensive and normal texts, and therefore we have collected the required data from various
Facebook pages using different sampling techniques. These sampling techniques includes
putting some criteria about the number of followers a specific Facebook page should have, and
the languages used to post and write a comment on the Facebook pages are our main sampling
techniques. For the purpose of collecting data from the Facebook pages we have used a tool
called Facepager API. This tool includes a Facebook API graphs and it can easily collect
Facebook posts and comments using different mechanisms. After collecting the data, we have
applied dataset labeling using different mechanisms based on the Facebook community standard

guide lines and Ethiopian Hate speech law, the detail are described in the next chapter.
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3.4. Data Preprocessing Techniques

In machine learning data preprocessing is the main step, there are some preprocessing
techniques need to be applied to our collected and labelled dataset. The reason we preprocess
our data is to remove the data which has no value for detecting the Tigrinya hate speech, and
when we do so, we will increase the efficiency of our model because it won’t waste its time on
unimportant texts, and it will only consider on the main texts which could have a major effect
on identifying the hate, offensive and normal texts of the Tigrinya language. Therefore, the
preprocessing stage includes data cleaning, normalizations, tokenization’s, and stop word
removal. The data cleaning comprises of cleaning and removing unwanted characters, numbers,
punctuation marks and etc. on the normalization stages, to reduce the complexity for our model
we have normalized different Tigrinya characters which have the same sounds but different
representation into one specific characters. On the tokenization stages we have tokenized our
sentence into word-level tokenization using different mechanisms, and we have also removed

the Tigrinya stop words which have no meaning whenever they stand on their own.

3.5. Feature Extraction Techniques

The technique of turning text into numbers to establish an easy channel of communication with
machines is known as feature extraction. Machines can only understand and sense numbers, so
we must transform words into numbers in order for them to be understood and used by machines.
Because of this, we used three separate word embedding approaches for this process: Word2vec,
Fast Text, and Keras Embedding layer. Two different word embedding methods exist. These
include prediction-based word embedding techniques as well as frequency-based embedding
techniques, and we have chosen the prediction-based word embedding for our proposed model.
Word embedding is one way of converting each word-level text into real-valued vectors of
numbers, and similar words will be represented with similar vector spaces of real-valued
numbers using different dimensions. The details of the word embedding layer we have applied
to our model is described in the next chapter.

3.6.  Model Selection Techniques
A model in the machine learning and deep learning domains takes the numeric format of the
dataset and attempts to learn certain patterns from the data in order to categorize each input data

into the desired classes. The fundamental purpose of this study is to develop a model for
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classifying Tigrinya written texts as hate, offensive, or normal for multi-class classification and
normal and offensive for binary classification. To achieve our goal, we employed the supervised

machine learning approach to train our model on the provided dataset.

To obtain our goal we have used deep learning approaches and, in the concept, and notion of
deep learning techniques, there are three different layers, these are input layer, hidden layer, and
output layer. The input layer is the beginning of the whole work in the network of deep learning
and is used to provide the initial data for further operations in the network. The input layer is
made up of artificial neural networks with no calculated weighted input and only random
weights, hence its major goal is to provide the very first input to the following layer, called the
hidden layer. The neurons within the hidden layers have their own weighted inputs; the hidden
layer is located between the input and output layers. These layers' main functions are to accept
a weighted set of inputs and generate an output using an activation function. The output layer is
located at the end of the neural network. As the name implies, it is utilized to generate the neural
network's output after iterative calculations in the input and hidden layers®. The following
diagram depicts how neural network works and our Tigrinya hate speech detection model detects

and classifies the sentence “0C¢4 1.5 Nha0 12884 as normal and therefore it classifies and

predicts each sentence using neural network.

Preprocessing and Embedding Input Layver Hidden Layer Output Layer

0 (:)s o Normal

1

: = 9,

\/ .
8Cé 1859 H1-4HA01] | 1 N Offensive

1288h Oé ‘

0
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Figure 2: The General Architecture of Classification Using the Neural Networks

15 https://www.techopedia.com/
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Generally, for our proposed model we have used three different deep learning approaches these
are Bidirectional Long-Short Term Memory (Bi-LSTM) which is variants of recurrent neural
network and also, we have combined the Long-Short Term Memory with CNN. Additionally,
for the Tigrinya hate speech detection we have also used the Convolutional Neural Networks as

our model to classify the Tigrinya written texts with respect to the three different classes.

3.7. Evaluation Metrics

A trained model on the dataset must be evaluated using a number of evaluation metrics in order
to determine whether the trained model is performing as planned. Evaluation metrics are used
to measure a model's performance in order to determine whether or not it is working properly.
Therefore, for the evaluation of our Tigrinya hate speech detection model we have used different
evaluation metrics, these evaluation metrics are confusion matrix, accuracy, precision, recall,
and F1-Score. These evaluation metrics are mostly used for measuring classification problems,

and their detail are described in the next chapter.

3.8.  Simulation Tools

In order to achieve our goal, we have used various types of tools accordingly. different
simulation tools have been applied throughout the study, such as to represent the general
architecture of the proposed work and to visualize every detail of it diagrammatically,
additionally to implement and visualize the model for the proposed work we have also used

different implementation tools.

3.8.1. Designing Tools

To visualize different .design of the proposed work we have used a software tool called
Wondershare Edrawmax®, using this software tool we have tried to depict graphically about the
procedure of data collecting and labeling it, additionally, we have used this tool to design the
general architecture of the proposed model. The architecture for the three different deep learning
approaches such as Bi-LSTM, CNN-LSTM, and CNN has been designed using this Edrawshare

software tools.

16 https://www.edrawsoft.com/edraw-max
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3.8.2. Implementation Tools

To implement and build a model for the proposed work different implementation tools and
frameworks have been used. For the task of implementation purpose, Integrated Development
Environment (IDE), programming languages, frameworks and hardware tools are the main tools

and materials used.

3.8.2.1. Integrated Development Environment (IDE)

e Juypter Notebook 6.3.0%'
Jupyter notebook is an integrated development environment and it is an open-source web
application that comprises different types of python libraries. The reason we have chosen this
IDE is that it consists of deep learning libraries that are useful to develop and build a model for

the Tigrinya hate speech detection.

e Anaconda 4.11.0'®
Anaconda Navigator is a desktop application that is used for launching different packages
without directly using the command line interface. We have used this navigator to launch jupyter
notebook and install different packages which are very important to build our Tigrinya hate

speech detection model.

3.8.2.2. Programming Languages

e Python 3.8.8%°
We have used python 3.8.8 version which is object oriented, simple to understand and high-
level programming languages to build the Tigrinya hate speech detection model, and this

language consists of different built-in libraries which could help to build the model.

3.8.2.3. Frameworks
We have used different frameworks to build our model, and these frameworks are very useful

for our model.

e Natural Language Toolkit (nltk) 3.6.1%°

17 https://jupyter.org/

18 https://www.anaconda.com/

19 https://iwww.python.org/downloads/release/python-388/
20 https://www.nltk.org/
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This natural language toolkit is as its name indicates it is a toolkit for natural language
processing, and we can use this toolkit by integrating it with the python libraries. We have
applied this framework to our proposed model for different purposes in the stages of data
preprocessing such as to tokenize the sentence into word-level tokenization and remove stop

words from our dataset.

e Numpy 1.20.1
Numpy is an open source of a python library that is used to work with multi-dimensional
matrices and arrays. We applied this framework while creating an embedding matrix to convert

our preprocessed data into numeric form.

e Tensorflow 2.8.0%

It is an open source that enables developers to build a model and design neural networks using
several layers. Therefore, we have used TensorFlow in our proposed model, and it has helped
us to use different layers which are helpful in building our model.

e Sklearn 0.24.122

The sckit-learn or sklearn is a library in machine learning algorithms that has various
functionalities in classification, regression, dimensionality reduction, and clustering by using
python. We have applied this framework in our work during splitting our dataset into k-folded
groups of n-splits using the library of k-fold cross-validation which resides in the sckit-learn

library.

e Matplotlib 3.3.4

For the purpose of visualizations and depicting different graphs we have used the matplotlib

libraries.

3.8.24. Hardware Tools
In order to implement the code, the first requirement is hardware tools, without these tools, it is

impossible to think about the software and implementation tools specified above, therefore to

2L https://www.tensorflow.org/
22 https://scikit-learn.org/
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achieve our objective of designing the Tigrinya hate speech detection model we have used the

following hardware tool throughout our study

To achieve our objective of designing the Tigrinya hate speech detection model we have used a

personal computer which comprises different properties:

Table 6: Hardware Tools

No Tools Specification Description
1 | Hard Disk 1TB To store our collected dataset
2 | RAM 8 GB To increase the processing speed of

our computer

3 | Laptop Core-i7 hp To accomplish the overall work we

have used hp computer
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CHAPTER FOUR

4. Proposed Model of the Tigrinya Hate Speech Detection

4.1. Chapter Overview

In this chapter the detailed architecture of the proposed model and every process performed to
build the Tigrinya hate speech detection model is described and explained. Therefore, in this
chapter, we have divided the topics into different sections and sub-sections and tried to show
how the proposed model has been built starting from collecting the dataset to evaluating and
measuring the performance of the model.

4.2. Proposed Model Architectures

The proposed model architecture shows every step from the beginning to the end, it starts with
data collection and preparation and then ends with model classification and evaluation. At the
stages of data collection and preparation, there are various steps such as scraping the Tigrinya
written texts from Facebook posts and comments, and preprocessing it which includes data
cleaning, normalization, tokenization, and stop word removal. Then after the preprocessing is
performed since raw texts cannot be directly inserted to the model, we have used different
feature extraction techniques to change the text format into numerical form, we have applied
different mechanisms for the purpose of feature extractions, such as Word2vec, Fast Text, and
Keras Embedding Layer. Then since the text data is converted to numbers, we can feed the
extracted data to the models directly for the purpose of classifications. In the training and
classification steps, we have used different deep learning algorithms, specifically Bidirectional
Long-Short Term Memory, Long-Short Term Memory combined with Convolutional Neural
Network (CNN-LSTM), and Convolutional Neural Network. Hereafter the classification steps,
each of the classification algorithms are evaluated using the evaluation metrics of Accuracy, F1-
Score, Precision, and Recall, and additionally, we have evaluated it in terms of the confusion

matrix. The following architecture describes the whole work and process of our proposed model.
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4.2.1. Data Collection

When we come to the idea of machine learning or deep learning, it is apparent and crystal clear
that the first thing that comes to our mind is data, because in the digital world without data it is
impossible to achieve something. For this reason, collecting the data for the Tigrinya language
hate speech detection is inevitable. As a matter of fact, since there is no research done for the
Tigrinya hate speech detection, there is no dataset built for it. Therefore, we collected the dataset
from scratch from various Facebook pages of posts and comments which are written using the
Tigrinya language. We have used different sampling techniques to collect the data from
Facebook pages. These techniques are, first, the Facebook pages need to have at least 15
thousand followers, and the reason behind the number of followers is that, as the number of
followers increases, the number of ideas flowing through the page will also increase. Therefore,
since the hate speech being diffused and proliferated are mostly based on religious, political
views, ethnicity, race, and gender the pages that we used for collecting the data needs to be well-
known activist’s page, religious pages, political parties’ official pages, and different public
Media. The second sampling approach we used for data collection was to require that the
Facebook pages from which we collect data should use Tigrinya (Fidel script) whenever they
post something. For our study the main data sources to build the Tigrinya hate speech datasets
were Tigray Media House (TMH), Dimtsi Woyane International (DW), center for research and
documentation “7xha 9°CI°C7 0187 184t 714-@-27, Tigray Television official Facebook pages
(TTV), Tigray Prosperity Party Official Pages, &Cté @g ™+ Eritrea wey Mot and Tigray
Communication Affairs Official pages were the main sources. The main reason we chose these
public pages is that they have many followers and on these different pages various types of ideas
such as political, religious, ethnic issues, and so on could be easily raised. In order to collect our
data, we have used Facepager, which has Facebook API graphs, this tool could easily scrape
any kind of posts and comments from Facebook public pages, and therefore to collect our data

we have broadly used this tool.

4.2.2. The Dataset Preparation

After crawling the data from various Facebook page posts and comments, the collected data
needs to be prepared and constructed. During the preparation of the dataset the main issue is
annotating and labeling the data, therefore to build and prepare a neat dataset we have removed

the unwanted data and brought the data together, and merged them into one file, then finally we

43



have annotated and labeled it as normal, hate and offensive for multi-class classification and
hate and normal for binary classification accordingly and saved it in a CSV file format. Mainly
the data is labeled and annotated by the researchers. And the rest of the data is annotated by the
other three instructors who speak and write the Tigrinya language fluently. The annotation was
performed based on the Facebook community standard guidelines and Ethiopian Hate Speech
law. For the labeling process, we gave the same number of comments to be annotated by the

instructors using the guidelines, and they labeled it as hate, offensive and normal accordingly.
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Figure 5: Procedure of Dataset Preparation

Scraping

4.2.2.1. Dataset Labeling Guidelines

Even though there are no common definitions of hate speeches because of the behavior of the
subjectivity of hate towards a specific society of groups or individuals, which means one speech
might be hate for one group and maybe not for others. But based on the definition given by
different countries and social media companies we can conclude that hate speech is a speech
that targets a specific group of people or individuals based on different backgrounds such as
ethnicity, political views, disability, Gender, Religion, race, and etc. Therefore, to label a
specific comment as “hate” we have used the Ethiopian hate speech law and guideline of
Facebook which is called the Facebook Community Standard. This community standard is a
guide that describes what is allowed and is not allowed to disseminate different content towards

society through the Facebook pages, and the community standard guideline covers a wide range
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of policies, from these policies, hate speech is the forefront issue. Facebook defines hate
speeches as “a direct attack on people based on what we call protected characteristics?.” These
protected characteristics are race, ethnicity, gender identity, religious affiliations, national
origin, and serious disease or disability.” Hence according to the Facebook policy of hate speech
protection, our dataset is labelled as hate if the content targets an individual or group of people

based on the aforementioned characteristics with:

e “Violent speech or support in written or visual form”

e “Dehumanizing speech or imagery in the form of comparisons, generalizations, or
unqualified behavioral statements”

e “Mocking the concept, events, or victims of hate crimes even if no real person is depicted
in an image”

e “Designated dehumanizing comparisons, generalizations, or behavioral statements”

e “Calls for segregation”

e “Explicit Exclusion which includes but is not limited to “expel” or “not allowed” ”

e “Political Exclusion defined as the denial of the right to political participation”

e “Economic Exclusion defined as the denial of access to economic entitlements and
limiting participation in the labor market”

e “Social Exclusion defined as including but not limited to denial of opportunity to gain

access to spaces (incl. online) and social services”

4.2.2.1.1. Inter Annotator Agreements

We have given 1000 datasets to three annotators, and they have labeled each data as hate,
offensive, and normal. The reason we assigned three annotators is that, if the dataset is labeled
with only one rater, it would be exposed to biases the classification would be subjective and
unfair. Therefore, to prevent the labeling from biases we have selected three different raters to
annotate the same dataset. To ensure the reliability of the agreement between the annotators, we
have used the Fleiss Kappa agreement. The Fleiss Kappa agreement is used to measure the

reliability of the agreements between classifiers for multi-class classifications?*. For the Fleiss

2 https://transparency.fh.com/en-gb/policies/community-standards/hate-speech
24 https://medium.com/@nick.acosta/an-introduction-to-fleiss-kappa
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Kappa, there is a level of agreement for each Kappa value. The following table shows the Kappa

value and its respective level of agreement.

Table 7: Fleiss Kappa Values with Its Respective Level of Agreement

Kappa Value Level of Agreement
>0.8 Almost perfect agreement
>0.6 Substantial agreement
>04 Moderate agreement
>0.2 Fair agreement
>0 Slight agreement
<0 No Agreement

Therefore our 1000 datasets have been annotated by the three different annotators based on the
guidelines of the Facebook community standards and Ethiopian hate speech law, and has
resulted with 0.65 of Fleiss Kappa values, which implies the level of the inter annotator
agreement is substantial level of agreements. Hence during labeling the dataset, we have reduced
the level of subjectivity and biases occurs during annotation by applying the Fleiss Kappa

mechanisms.

4.3. Data Preprocessing Techniques

The idea of preprocessing is the process of preparing, cleaning, and organizing the raw data in
a way in which it will become more convenient to train and test it in a model using different
machine learning techniques. Data preprocessing is a primary issue in building machine learning
models in order to bring a better performance. First when we collect and gather our data it was
unstructured and therefore it was mandatory to clean the data and removing the unwanted
feature. To preprocess the raw data there are different preprocessing techniques that we have
applied for hate speech detection of the Tigrinya language. From the main preprocessing
techniques, we have mainly used data cleaning, text normalization, tokenization and removal of

stop words.
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4.3.1. Data Cleaning

When we collect the data, since it is scraped from social media, specifically Facebook pages,
there are plenty of unwanted contents being crawled together with our main data. In the Tigrinya
language, even though numbers are sometimes essential to describe years and some statistical
data in a sentence, in hate speech detection the value of the presence of numbers in a sentence
is very less, and therefore different writer uses different numbering system to list something in

order while they are writing about something. Some of them uses the Arabic numbering system

Therefore, since those numbers are less important for our study, we have cleaned numbers from
our dataset. Furthermore, the Tigrinya language has punctuation marks used in its writing
system, different users use those punctuations in the language such as Acao+ 1.(:)/arbaete
netbi / (fullstop), 124 aZH()/netsela serez / (commas), £c-N AZH(2)/ drb serez /(semicolon), hét
11(L 9°0 AZH (:-)/ Kilte netbi ms serez /(Colon), hévt 1(L(:)/ Klte netbi /: (Colon) and some other
general punctuations such as question mark (?), and exclamation mark (1), thus we have removed
those punctuations from the dataset. In addition, these users might use emojis by mixing them

with letters to express their ideas for instance they might say [aag® (hello) ¥ $¥] or [ee&AA.

(weird) @ @] in the comment section of Facebook pages, therefore we have removed and
cleaned those emoji’s from the text to prepare more clearer dataset which is more essential for
our model in which it can easily train and learn the pattern. Generally, the unwanted data that
are removed from our datasets are different links, usernames, emojis, digits, special characters,
extra white spaces, punctuation marks, and non-Tigrinya characters. Hence these features have
been removed from the data, and removing and reducing these all feature from our data makes
the dataset more accurate and precise to be trained and predicted using models of different

machine learning techniques.

Table 8: Data Cleaning Example

Raw data before cleaning Cleaned data

aae9+ AP (hello brothers) ¥ ¥ ¥ AT heh Pt

at9° A0-+: 3000 Gavt 17 harg, A5 711G At qav have, 710G HINCS?
HINCS?

(Hey guys, how were we living for 3000

years?)
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In order to perform the data cleaning process, we have used the following data cleaning

algorithm.

Algorithm 4. 1: Data Cleaning Algorithm (Hunde, 2021)

INPUT: Uncleaned data
OUTPUT: cleaned dataset
START:
1: Read the dataset
2: WHILE (it is not the end of file):
IF data contains punctuations [',’, ".", ""',>*, ":", ), 'C, ™', 1", '?', '=','¥' '£'] THEN
Remove punctuations
IF data contains special characters ['#,°@’,’/’, ‘\’,’%°,’$’,’&’,”*’] THEN
Remove special characters
IF data containsnumber [ eF 02 Z R 6T ARG AR @ TT801234567809]
THEN

Remove number

IF data contain symbols [§ & @ ©©....] THEN
Remove symbols
Return cleaned data
3. HALT

4.3.2. Normalization of Texts

Normalization is one of preprocessing techniques that enables us to make our data simpler and
clearer. In the Tigrinya language, there are variants of characters which has the same sound but,
are represented with different symbols. According to (Zemicheal Berihu, Gebremariam Mesfin.
et. al, 2020 ) in the Tigrinya language, the letters ‘1’(he) and ‘0’(he), ‘0’(se) and ‘v’ (se), ‘&’(tse)
and ‘0’(tse) are different letters but they have the same sound. For instance, some writers might

write ‘2979°’(tsemam) which means ‘deaf’, and others might write it as ‘779>’ (tsemam) which
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has the same sounds and meaning as the word ‘a779°’. Another example for the word ‘158’

(senay) which means ‘good’ and others might also write this same sound and meaning as ‘wgge’.

Therefore, in order to make everything easier and clearer for our model we have normalized the
letter ‘&’(tse) to ‘0’(tse), “1’(he) to ‘v’(he), and ‘v’ (se) to ‘a’(se). In general, in our study, the
main idea behind normalization is that if the usage of different letters didn’t bring a difference
in sound and meaning using only one letter instead of many would be much better to reduce the

complexity of our model.

Table 9: Tigrinya Normalization of Characters

Tigrinya letters with their respective replacement for our study
410 (he) ‘o~ (hu) | /7 (hi) 27 (ha) 4% (hie) | 1/v (h) </ (ho)
w/A (se) w/( (SU) v/ (si) vi/4 (sa) vilte (sie) | #2la (S) [ (S0)
/0 (xe) e (xu) | &L (xi) /9 (xa) %I% (xie) | &/6 (X) 2/# (x0)

In order to perform the normalization process we have used the following data cleaning

algorithm

Algorithm 4. 2: Tigrinya Text Normalization Algorithm (Hunde, 2021)

INPUT: Non-normalized data
OUTPUT: Normalized data
START:
1: Read the dataset
2: WHILE (it is not the end of file):
IF text contains [ “+ “v’ > “¥ “v “¢"] THEN
Replace with corresponding [V ‘v~ L 7 6 V' ‘U]
IF text contains [‘» ‘w ‘v ‘vp ‘v ‘7 ‘'] THEN
Replace with corresponding [‘@" ‘4 ‘A ‘4" ‘(" ‘0]
IF text contains [‘&" ‘&’ ‘&) Q" ‘&’ ‘&” ‘@] THEN
Replace with corresponding [‘0” ‘6~ /. ‘Y ‘¥ ‘& ‘]
Return normalized text
3: END
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4.3.3. Tokenization

Tokenization is the process of splitting down the sequence of strings into sentences, words,
phrases, or other meaningful features or items called tokens. Sentences in the Tigrinya languages
are recognized and identified by the delimiter (: :), and words are identified by comma (%),
semicolon (z), and colon (:). But since these punctuations have been removed before the
tokenization process, a white space after a sequence of characters can be used as a separator
based on word tokenization. As result in our study for the purpose of tokenization, we have used
word-level tokenization which separates each sequence of sentences into word-level tokens. For
example, a given sentence of the Tigrinya language “A7n0 &7 IR T+ AchP+2” which means
“welcome brothers” can be tokenized into word level tokenization’s as [‘A7nd’, ‘&h7,

‘aINTRIP, K PrL ],

4.34. Stop Word Removal

Stop words are a word in a sentence that has no meaning by themselves, which means in general
stop words cannot convey a meaningful message on their own. Therefore, since the stop words
have no direct or contextual meaning, we have to remove them from our document to build a
more precise and accurate model. Whenever stop words are removed from the dataset, the rest
of the data will only have important texts which are very important for the classification of hate
speech detection. In the Tigrinya language, there are numerous lists of stop words, for instance
[a0/ab/, hge/kem/, 1t2/zkon/, &/do/, xg°0c/ember/.... etc.]. as a result, since these stop words
have no full meaning by their own, removing these stop words will bring positive impact to the
performance of the model. Here since the Tigrinya language is an under-resourced language it
has no stop word library; we have tried to build stop word lists from scratch and used some
custom stop word lists used by other researchers. Despite the fact that it is a considerably smaller
collection of stop word lists, we have tried to use Awet Fessha's et al. (Awet Fesseha, Eshete
Derb Emiru et al, 2021) list of stop words by adding our prepared stop words list to it. Generally,

we have successfully achieved the stop word removal.

The algorithm we have used for the stop word removal is the following:
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Algorithm 4. 3: Algorithm for Removing Stop words (Hunde, 2021)

INPUT: word-level tokenized list of words
OUTPUT: word-level tokenized list of words without the list of stop words
Variable: Stopwords [], Stopword_cleaned []
1: Read the dataset
2: WHILE (list of words in the dataset):
IF list of words in the dataset not in Stopwords: THEN
Append the word in Stopword_cleaned
Return Stopword_cleaned
3: Halt

4.4. Feature Extraction Techniques

After completing the data cleaning and preprocessing steps, before we start directly feeding the
cleaned data to the model of machine learning, the data needs to be changed to numerical values.
The process of changing the text to numbers is known as feature extraction. It is clear that
machines can only understand numbers, therefore everything we prepared as input data, and it
has to be first changed to numerical forms. To achieve this process as described in detail in the
previous chapter about feature extraction techniques and its types, we have chosen prediction-
based word embedding techniques for our proposed model for the purpose of extracting the
features and representing each word as vector space. The reason we chose the prediction-based
word embedding techniques is, it can handle the semantics of different words and tries to assign
similar vector spaces for the words which have similar meanings for sequential data. Hence,

since our study focuses on sequential data, it is better to use word embedding techniques.

The prediction-based word embedding comprises a lot of feature extraction techniques in it,
such as Word2vec, FastText, Glove, and many more are amongst the type of words embedding
techniques. Therefore for the detection of hate speech for the Tigrinya language, we have used
the keras-based embedding layer, Word2vec, and FastText of word embedding’s, and the reason
we preferred these embedding layers is, they have better performance in Tigrinya text

classification (Awet Fesseha, Eshete Derb Emiru et al, 2021). For the purpose of feature
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extraction, even though there are pre-trained wiki-based word vectors of Fast Text for the
Tigrinya language?® on (Piotr Bojanowski. et.al, 2016), they were only trained on unigque words
of 1864, whereas our dataset contains over 19500 unique words and as a result, the wiki-based
pre-trained model produced the worst results. For this reason, we have trained and prepared a
custom Word2vec and Fast Text. However, as more words are vectorized in the future, everyone
working on Tigrinya language of NLP will benefit from the pre-trained wiki-based vectors
developed by (Piotr Bojanowski. et.al, 2016). Word2vec and FastText can be implemented in
two different ways, namely using Continuous Bag of Words (CBOW) and Skip-Gram models.
Let us see graphically how the prediction-based word embedding maps different words into real-
valued vectors with output dimensions of 4 for the sentence “h-f 0 NHOO AA° &h(-1”, and “hrede
(N AL 42017, this two-sentence will be converted into its respective real-valued vectors using

the embedding layer as follows

e 41 {lHa0 AAF® Iede 1 B [[0.392 0.52 0.213 0.333].
» ™ [1.2.3.4. 5] * g >
£énA) [1.2.3.4. g
a 3 § [0.002 0.008 0.321 0.413],
-
= [0.0001 -0.013 0.498 0.31],
‘r
fHe |3 -
- [0.213 0.543 -0.697 0.212],
f=
oA |4 3 [0.031 0.123 0.528 0.14]]
(1 ‘E
Gditll| 5 D [[0.342 0.52 0.213 0.333].
-
hE 6 &l [0.002 0.008 0.321 0.413].
._g
E [0.M -0.814 0.898 -0.81],
Tt (] hE ABRTY » DEDIT T Ll [1,2.6.7] » Er—
H [0.249 0.381 0.991 0.767]]

Figure 6: Illlustrational Architecture for Word Embedding Techniques
44.1. Word2vec
Word2vec is a word embedding technique that attempts to find and identify the similarities of
words and dependencies by iterating over a large prepared corpus. It finds the similarities

between different words using the metrics of cosine similarities. That means if the angle of the

25 https://fasttext.cc/docs/en/english-vectors.html
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cosine is 90, then there is no similarity in context or the words are different, hence the words
will get different vector representations and if the angle of the cosine is 1, then the words are
mostly related and similar, therefore the words will get similar or nearly similar vector
representations. Word2vec uses two variants of neural network-based models called Continuous
Bag of Words (CBOW) and Skip-Gram models.

4.4.1.1. Continuous Bag of Words (CBOW)

A continuous bag of words is one way in which the Word2vec implementation is achieved.
CBOW is a simple neural network that has only one input layer, one hidden layer, and one
output layer with a number of neurons inside it, in which these neurons are equal to the
dimensions of the vector that represents each word. This neural network-based model tries to
find similarities between words by taking a number of words as input, then predicts one target
or main word as an output based on the contextual words in a sentence. For instance, for the
sentence “tteTrg° Ach P+ N-OHATRPP AAgPFL £ NAANTIP” T for this example let’s say the target
word is “AchP+L” with a window size of 2, then the contextual pair of words to predict the target
word of “AchP-+e” will be

Table 10: Example of CBOW

Sentence Pair of words or contexts for the target
words

“DATrg° AehPHL (-NHATIP AATCT-L, (neteTe9°, AehP L), (AehPHL, N-NHAT-I°P),

2ANahh-g°” (AhP+L, (-NHATHIP, AAT°FL)

Therefore according to the above example for the output or target word of “AcP+e” the
contextual words with window size of 2 could be (A&Tr9°, AchP+L), (AhP+L, N-OHAT-IP),
(Ah P2, O-OHAT-IPP, (A°F£), the architecture of CBOW is presented as follow.
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Figure 7: Architecture of CBOW (Eddy Muntana Dharma, Ford Lumban Gaol. et.al, 2022)
44.1.2. Skip-Gram models

It is also another way that is used for Word2vec implementation, the same as CBOW. It is also
a neural network-based model, the basic difference between Skip-Gram and CBOW is that the
Skip-Gram model takes the target word as an input and predicts the context of the neighboring
word for the input. That means the skip-gram model performs the representation of words in
the opposite way than that of a continuous bag of words, which means it predicts the contextual

words based on the main or targets words.

This neural network-based model tries to find similarities between words by taking the target or
main word as an input, then it predicts contextual words as an output from the current input
word. For instance, for the sentence “h-hTr9° AhP+L MNHATIPP AAPHL LNAnh9°”: for this
example let’s say the main word is “AhP+£” with a window size of 2, then the target output
will be the contextual pair of (-xT+9°, AhP+L), (AhP+e, M-OHATEP), (AchPTL, N-NHATIP,
(ag°Fg) for the current input word of “ahP+£”,the architecture of Skip-Gram is presented as

follow.
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Figure 8: Architecture of Skip-Gram (Eddy Muntana Dharma, Ford Lumban Gaol. et.al, 2022)
4.4.2. Fast Text

This FastText algorithm is an extension of Word2vec and has the same functionality and purpose
as Word2vec, which means it tries to detect dependencies between words and identifies their
similarity to assign similar vector representations for the words. The basic thing that makes
FastText different from Word2vec is that it uses character level of N-gram of word
representation while it trains. But this makes it to take more processing time and increases the
size of the data. Additionally, the best thing that this FastText algorithm comprises is, it supports
words that are out of vocabulary (OOV). For example, if the word “J~hat(tahguas)” which
means “happiness” is not in the vocabulary for the training, Word2vec will response the word
“tahguas” does not exist, but in FastText even though the word is not in the vocabulary, it will

assign a vector space for it, by relating it to other existing words inside the vocabulary.

Generally, this FastText algorithm is also implemented using neural network based of
Continuous Bag of Words and Skip-Gram models, in the same way in which Word2vec is

implemented.

4.4.3. Keras Embedding Layer
The Keras embedding layer requires the data to be in an integer-coded format, and therefore
each word can be represented with a unique integer. The process of representing each word into

unique integers is achieved using the Tokenizer class, which is supported by Keras?. Even

%6 https://machinelearningmastery.com/use-word-embedding-layers-deep-learning-keras/
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though this Keras embedding is capable and compatible to learn different pre-trained embedding
layers such as Word2Vec and FastText, it can also be part of the deep learning without using
the pre-trained embedding layers, which means it can learn the relationship between words by
itself and assign a real-valued vector for each word and trained with the model. Therefore, in
addition to using pre-trained Word2Vec and FastText, for our study we have also used the Keras

embedding layer as feature extraction mechanisms.

4.5. Model Selection Techniques

The objectives of the machine learning model are to train on specific data, recognizing and
learning some patterns from the data for some specific problems. As described in detail in the
previous chapter, there are four main types of machine learning algorithms, these are supervised,
unsupervised, and re-enforcement learning®’. For our study, we have used the supervised
machine learning types, and the reason behind using this types of machine learning is that, hate
speech is all about classification of a text and labeling it to hate, normal, or offensive, and such
kinds of work falls and grouped under supervised learning.

As we have tried to describe earlier in the dataset preparation, our dataset is prepared and stored
in a CSV file format. We have labeled Tigrinya's written texts based on the guideline of the
community standard of Facebook and Ethiopian hate speech law as hate, offensive, and normal
speech accordingly. Therefore, since our model is trained to classify and predict the Tigrinya
text into two and three different classes, our criteria for the model selection are based on multi-
class classification, and additionally binary classification is also applied to our model which
classifies the text as hate and normal. For our proposed work we have selected a deep learning
algorithm than that of traditional machine learning. The reason we selected the deep learning
algorithm is that most of the results achieved for Amharic and Afan-Oromo languages using the
traditional machine learning algorithms are not satisfactory, and additionally, since the Tigrinya
language is morphologically rich and complex, deep learning is much better in learning complex
patterns better than the conventional machine learning algorithms, and therefore we have

preferred deep learning algorithms. Furthermore, the paper of (Son T. Luu, Hung P. Nguyen,

27 https://www.sas.com/en_gb/insights/articles/analytics/machine-learning-algorithms
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et.al, Jan, 2020) and many other papers have clearly put that deep learning is a better algorithm

for hate speech detection and classification than the traditional machine learning algorithm.

Deep learning is a sub-field of machine learning techniques in which it teaches the models to
learn the pattern from the data by imitating it with neurons of human brains. In our proposed
work, using deep learning techniques we have enabled the model to learn and classify the text
as hate, offensive, and normal for multi-class classification and normal and hate for binary
classification after training it using a set of labeled data and neural network architectures that
cor.ains many layers. There are different types of deep learning techniques among these Multi
Layer Perceptron (MLP), Recurrent Neural Network (RNN), Long-Short term Memory (LSTM)
and Convolutional Neural Network (CNN), are the main and forefront in deep learning
approaches. Therefore, for our study, we have compared three different deep learning
approaches, specifically Bi-LSTM, CNN-LSTM combined, and CNN. We have built the model
by comparing the results of CNN, Bidirectional Long-Short Term memory (Bi-LSTM), and
Long-Short Term memory (LSTM) combined with CNN. The reason we used these deep
learning approaches is that it has been widely used for sequential data and some research
indicates that variant of RNN and CNN are very significant in achieving better performance for
hate speech detection (Surafel Getachew Tesfaye and Kula Kekeba Tune, 2020) (Auliya
Rahman Isnain, Agus Sihabuddin, et.al, 2020) (Al-Khalifa, 2020) (Putra, Dewa Ayu Nadia
Taradhita and | Ketut Gede Darma, 2021) .

Therefore, the steps and processes for each of our selected models is, first we preprocessed the
text, then we converted it to numerical forms to enable our preprocessed data to be understood
by the machine using word embedding techniques, namely Word2vec, FastText, and the Keras
embedding layer. After this process we fed the vectorized data to the Bi-LSTM, CNN-LSTM
combined, and CNN models. Let’s see the architecture of our selected deep learning algorithms

with their detailed descriptions as follow.

45.1. Bi-directional Long-Short Term Memory (Bi-LSTM)

Bi-directional Long-Short Term Memory is a variant of RNN which uses two layers of LSTM,
in which the first layer of the LSTM takes the input in a forward direction, and the second layer
of LSTM takes the input from the backward direction in order to have better information and

understanding about the sequential data through the neural network. Except for the addition of
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one more layer of LSTM to the neural network, the work-flow of Bi-LSTM is the same as LSTM

layers, and its general architecture for our proposed work looks like the following.
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Figure 9: Architecture of Bi-LSTM (Auliya Rahman Isnain, Agus Sihabuddin, et.al, 2020)

Here we used the embedding layer as an input layer which has been used for converting the texts to
numeric forms, then at the hidden layer, we have applied the Bi-directional Long Short-Term Memory
which is used to represent the sentence and learn a pattern to handle the contextual meanings. Finally
using the sigmoid and softmax activation function each sentence can be classified as hate, offensive, and

normal for binary and multi-class classification at the output layer.

45.2. CNN-LSTM Combined

To achieve our Tigrinya hate speech detection we have also applied the combinations of
Convolutional Neural Networks (CNN) and Long-Short Term Memory (LSTM). The reason we
combined these two neural networks is, that they have been used in many studies and to take the
advantages of both the LSTM and CNN and see if it has a major impact in identifying the
Tigrinya hate speeches. The CNN can easily analyze a text and using the pooling layer, the CNN
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could extract significant textual properties, and however using the CNN it is challenging to
obtain contextual information. Therefore, to handle the problem of handling contexts the LSTM
IS convenient, as a result for our hate speech detection combining and integrating these two
neural networks together has resulted in a good performance. The combination of LSTM and

CNN in our work has the following architecture.
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Figure 10: Architecture of CNN-LSTM for Tigrinya Hate Speech Detection

As we can see from the architecture, as an input layer, we used word embedding layers to
vectorize the word-level texts in a matrix form then CNN locally extracts significant textual
features using different mechanisms, then it feeds those extracted and flatten texts to the LSTM
layer, then this layer learns the pattern by considering the semantic relationships between the
words, finally with the help of activation function each sentence has been classified accordingly
as hate, offensive and normal for multi-class classification and as hate and normal for binary

classification.

45.3. Convolutional Neural Network (CNN)

It is well known that a convolutional neural network is mainly applicable in computer vision
such as for image classification. CNN is a neural network, and it is one amongst different types
of deep learning algorithms, it has almost similar layers except it has a unique layer called the
convolutional layer, which mainly makes it different from other deep learning techniques. In the
case of image classification, the convolutional layer slides to the whole matrix of the image
using different mechanisms with a 2D or 3D convolutional layer. But in the case of text
classification, since the data is sequential we need to reduce the convolutional layer to one
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dimension, here the concept of the convolution layer is the same, except the dimension is
changed to one dimension, and the data type is changed from image to sequential data?®. The

architecture of Convolutional Neural Network looks like the following.

Convolutional Pooling
Layer Layer Fully Connected
Layers
Input Layer Output
Layer
=
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=

Figure 11: Architecture of Convolutional Neural Network?®

The architecture of the convolutional neural network shows that there are different layers. The
input layer is the first layer that receives data after transforming the text to vectors with
embedding layers; hence, the embedding layer is the input layer, followed by a convolutional
layer. The convolution layer has filters inside it, which is used to be applied to the input of text
data, here the output of the convoluted layer is a feature map, in which this feature map is the
representation of the input data after the filter is applied. Then there is a layer called pooling,
which is also another type of convolution layer, which is used to minimize the spatial size of the
input data. Inside the convolutional layer, the pooling layer is used to minimize the number of
parameters, which results to help the model train faster. Basically, pooling layer is used to reduce
input size before it is fed into the fully connected layer. Pooling is classified into two types: max
pooling and average pooling. Max pooling takes the maximum value from the feature map,
while average pooling takes the average value from each of the feature maps. The succeeding

layer is the fully connected layer, in which each neuron is fully connected to every other neuron,

28 https://analyticsindiamag.com/guide-to-text-classification-using-textcnn/
2 https://vitalflux.com/different-types-of-cnn-architectures-explained-examples/
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and eventually, on the output layer, it classifies the text using various activation functions based

on the features learned in the previous layer®.

Therefore for our study, we have used the embedding layer as an input layer which is used to
convert the text to number, at the hidden layer we have used the CNN model with its different
layers and neurons, and finally using the softmax activation function for multi-class

classification, and sigmoid activation function for the binary classification on the output layer.

4.6. Activation Functions and Overfitting Handling Techniques

4.6.1. Activation Functions

In the actual world, the human brain separates helpful information from non-useful information
using neurons and preserves the useful one for distinct situations; the same scenario works to
the activation function in a deep neural network. The activation function's major aim is to find
very useful information and activate the neuron containing it, while also deactivating less useful
information throughout the neural network, allowing the neural network to spend less time on
less important and irrelevant data. The reason behind the deep neural network requiring
activation function is, to add non-linearity to the networks. Whenever sophisticated works are
wanted to be trained using neural networks, it is very difficult to identify and classify them using
a linear regression model, therefore activation function will add non-linearity, which creates a
more flexible environment to classify the data. There are more than ten types of activation
functions being applied in the world of machine learning, some of them are Rectified Linear
function (ReLU), Leaky ReL.U function, Parametric ReLU function, Sigmoid function, Softmax
function, tanh function (tanh), and, etc. Activation functions are applied on the hidden and
output layer, and therefore for our work, we have used the ReLU activation function on the
hidden layer and the sigmoid and Softmax function on the output layer. The reason why we use
ReLU at the hidden layer is that, our model has provided better performance than the other
activation function, and the Softmax function has been used on the output layer since it is the
most common and recommended function to be applied on the multi-class classification

problem. For the binary classification we have used the sigmoid function.

30 https://vitalflux.com/different-types-of-cnn-architectures-explained-examples/
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4.6.2. Overfitting Handling Techniques

While training a model for a specific issue, there is a common problem that occurs in either
machine learning or deep learning algorithm and leads the model to poor performance, which is
called model overfitting and model underfitting. Model overfitting is a problem when the model
performs well during training the data, and it generalizes as the model is performing well, but
whenever the model is being tested with unseen data, it performs poorly3!. On model overfitting,
the model perceives and learns each and every detail of the noise during the training which later
leads it to fail to generalize with the unseen data, and there are a lot of ways to handle this
problem. Model overfitting can be handled using different techniques such as by getting more
training data, using augmentation of the existing data, early stopping, L1, L2 Regularization
techniques, Dropout, and, etc. from these techniques we have used L2 Regularization, and
Dropout techniques to handle the model overfitting, and this Dropout is types of regularization
techniques which is used for handling such problems, and therefore it performs better than the

other overfitting handling techniques..

4.7. Evaluation Metrics

After the completion of building and training the model there is a testing and evaluation session
in which the quality of our built model is measured. Therefore, there are a lot of evaluation
metrics in machine learning, thus for our study we have used different evaluation metrics such

as accuracy, precision, recall, F1-score and confusion matrix.

In the field of machine learning, the model must be evaluated in order to determine and ascertain
whether it is doing well or not after being built using various techniques to address a particular
problem. Therefore, we have applied different evaluation metrics to check whether our model
is detecting well the hate speeches of the Tigrinya written texts which are trained based on the
K-Fold Cross-Validation technique. Therefore, for our study, we have used different evaluation
metrics such as accuracy, precision, recall, F1-score and confusion matrix to check and evaluate

how good or poor our model is from the perspective of various evaluation metrics

Confusion Matrix: is a method that is used for summarizing the performance of classification

algorithms. We can acquire a better understanding of the classification model's successes and

3L www.ibm.com/cloud/learn/overfitting
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failures by calculating a confusion matrix. As only evaluating a model's accuracy cannot provide
specific information about the classifications, by applying the confusion matrix, we can quickly

determine the correctly and wrongly classified number of texts.

Accuracy: this evaluation metric can be applied in classification problems, and it calculates the
ratio of the correct number of predictions to the whole number of total predictions being
predicted by the model. It can be expressed as

Number of Correct Predictions

Accuracy = Or can be expressed as

total number of preditions made

TN+TP

—— Where
TN+TP+FP+FN

Accuracy =

TN, stands for true negative, TP, true positive, FP, false positive, and FN, false negative.

Precision: this evaluation metric is very useful whenever the classification of the test dataset
into different classes is unbalanced and skewed. This model performance evaluation technique
works in a way in which the ratio of the true positives to the all positives being predicted by

the model, and can be expressed as

TP

precision = m

Recall: It is used to evaluate the models' capacity to recognize positive samples; thus, the more
false negatives the model predicts, the lower the recall. It is expressed as the ratio of true positives

to all positives in the dataset, and it can be expressed as

TP

Recall = TP+—FN

F1-Score: this evaluation metric combines both the precision and the recall evaluation metrics
together. Whenever the value of the F1-Score becomes higher, it shows that the model is
performing well, but the F1-Score gets a higher value whenever both recall and precision are
high.

Precision * Recall

F1-S = 2
core * Precision + Recall
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CHAPTER FIVE

5. Design Implementation of the Proposed Model

5.1. Chapter Overview

In this chapter, some details about the implementation of the proposed model are described in
detail. It tries to show each and every implementation detail used to develop the Tigrinya hate
speech detection. It shows the implementation detail starting from data preprocessing to model

evaluations by dividing them into different sections.

5.2.  Implementation Flowchart

In building a model for the Tigrinya hate speech detection we have followed a lot of
implementation steps, which means starting from reading the file and then preprocessing it,
which includes different steps, then text vectorization using different feature extraction
techniques, and then model selection and training it, finally testing and saving the best
performing model. This whole process is achieved using different implementation procedures
accordingly.

e Reading the CSV File

We have loaded and read our CSV format dataset, therefore to read this file we have used

panda’s data frame which is provided by the python library in the Jupyter notebook.

e Data Preprocessing

After the data is read, it needs to be preprocessed which includes data cleaning, normalization,
tokenization, and removing the stop words. We have achieved this implementation process using

different libraries provided by python.

e Vectorization
In order to be understood by the machine, since the text needs to be vectorized, we have changed
the text into numbers using different implementation techniques such as Word2vec, Fast Text,
and Keras Embedding layer, which these techniques are provided by the gensim library and
Keras library.
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e Model Selection

For the purpose of hate speech detection for the Tigrinya language, we have used three different
deep learning techniques, namely Bi-LSTM, CNN-LSTM Combined, and CNN, and therefore
we have implemented each of the above deep learning algorithms accordingly.

e Train the Model

To train our model we have used k-fold cross-validation techniques to split our dataset into train
and test sets. There are various types of cross-validations, but to train and test the model we
have used stratified cross-validation. We have preferred the stratified cross-validation because,
it takes into account observing all the classes in the dataset equally, and split them into k groups.
The model trains on the k-1 groups and gets tested on the one folded group which is been left
from the training set for the purpose of testing the model to check how it has learned from the
k-1 folded groups. It trains on each folded group iteratively and this process helps the model to

learn easily and to be less biased to predict.

We have trained our model using the vectorized Tigrinya dataset by using different algorithms,
therefore during training the model, we have applied different implementation libraries

including the deep learning algorithms and cross-validation techniques.

e Evaluate the Model

To train our model we have used the k-fold cross validation techniques in which the model
learns a pattern from the dataset by splitting them into train and test classes by creating the K-
folded groups. Even though the model has trained itself by such a mechanism, it has to be
evaluated using various evaluation metrics to determine how well it is performing. For this
purpose, we have used different evaluation metrics to check whether our k-fold cross-validation-
based trained model is performing well in terms of accuracy, precision, recall, and F1-Score.
Additionally, we have used the confusion matrix to clearly put the correctly predicted classes

and the wrongly predicted classes in our model.
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Figure 12: Implementation Architecture Flowchart

5.3. Loading and Reading the dataset

Before preprocessing, or training the model with the data, it has to be loaded to the environment first,

and therefore we have loaded and read the CSV file format dataset using Panda data frames as follows:

Code 5. 1: Implementation for Loading the Dataset

# Loading and Reading the dataset

import pandas as pd

df=pd. read_csv ("Tigrinya_HateSpeech_Detection.csv”, encoding="utf-8")
df

5.4. Implementation for Data Preprocessing
As we have discussed, data preprocessing is very essential in machine learning which helps the
model to focus only on the main data, different unwanted data need to be preprocessed and

removed before feeding it to the model, and therefore at this step, we have implemented different
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preprocessing techniques, such as data cleaning, normalization, tokenization, and removing stop

words are amongst the main part of preprocessing in our study.

54.1. Data Cleaning Implementation

There are various texts, numbers, punctuations and characters in the dataset which have less
value in detecting the Tigrinya hate speech, therefore we have removed and cleaned those from
our dataset using the following snapshot of code implementations.

Code 5. 2: Implementation for Cleaning the Dataset

def clean_text_roundl(text):

# text =re.sub(r'\s+', ', text)

text=re.sub(\[.*?\]', ",text)

text=re.sub("\n', ", text)

text = re.sub(r'[M\w\s]'," text)

text = re.sub(r'\s+', ' ', text).strip() # Cleaning the whitespaces
text=re.sub("\w*\d\w*', " text)

text = re.sub('([@A-Za-z0-9_]+)|[\Ww\s]|#|http\S+', ", text)
return text

round1= lambda x:clean_text_round1(x)

data_clean=pd.DataFrame(df.comments.apply(roundl))

5.4.2. Text Normalization Implementation

Since in the Tigrinya language, there are some repeated letters that have the same sound but
different in symbols, and therefore to make it easier for our model to train we have applied text
normalization by using the Regular Expression provided by the python library and mapped those
letters to only specific letter using the following snapshot of code implementations.

Code 5. 3: Implementation for Normalizing Tigrinya Characters

data_clean = data_clean.replace(','v’, regex=True)
data_clean = data_clean.replace(+','v-', regex=True)
data_clean = data_clean.replace(%',"', regex=True)

data_clean = data_clean.replace(’>',"", regex=True)
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data_clean = data_clean.replace(%',"s', regex=True)
data_clean = data_clean.replace(""','v', regex=True)

data_clean = data_clean.replace(-¢",'v"", regex=True)

data_clean = data_clean.replace('a','8', regex=True)
data_clean = data_clean.replace('a.,'s~', regex=True)
data_clean = data_clean.replace('a.','d.’, regex=True)
data_clean = data_clean.replace('a','?, regex=True)
data_clean = data_clean.replace('a.','d', regex=True)
data_clean = data_clean.replace('&",'¢", regex=True)

data_clean = data_clean.replace('2','#", regex=True)

data_clean = data_clean.replace('»','a’, regex=True)
data_clean = data_clean.replace('w-,'®', regex=True)
data_clean = data_clean.replace("i','d.', regex=True)
data_clean = data_clean.replace('','a’, regex=True)
data_clean = data_clean.replace("*#','a', regex=True)

data_clean = data_clean.replace('#”,'d’, regex=True)

data_clean = data_clean.replace('#",'®", regex=True)

5.4.3. Tokenization Implementation

We have tokenized our sentence in word-level tokenization which splits each sentence into its

respective words, and we have achieved this tokenization process using the natural language

toolkit (nltk) library, more specifically the RegexpTokenizer inside the nltk, and the following

is a snapshot code for the implementation detail.

Code 5. 4: Implementation for Tokenization

# Tokenization
import nltk
from nltk.tokenize import RegexpTokenizer

regexp = RegexpTokenizer(\w+")
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data_clean['text_token']=data_clean['comments'].apply(regexp.tokenize)
tokenized =data_clean['text_token']
tokenized

54.4. Stop Word Removal

Since stop words have no full meaning on their own, removing them is very essential, however,
since there are no built-in stop word lists for the Tigrinya language, we have prepared our own
stop word lists of corpora and stored them in the library of nltk folder. After preparing it we
have directly applied the stop word removing processes using the following snapshot of

implementation details.

Code 5. 5: Implementation for Stop Word removal

from nltk.corpus import stopwords
stop_words=set(stopwords.words('TigrinyaStopwords.txt"))
from nltk.tokenize import word_tokenize
def remove_stopwords(sentence):
word_tokens = word_tokenize(sentence)
clean_tokens = [w for w in word_tokens if not w in stop_words]
return clean_tokens
data_clean['S'] = data_clean['‘comments'].apply(remove_stopwords)

data_clean

5.5. Feature Extraction Implementation

To feed our data to the machine first we need to convert it to numbers, and therefore we have
used different feature extraction mechanisms such us Word2vec, Fast Text, and Kears
Embedding layer. For the Word2vec and Fast Text, we have trained our own custom pre-trained
Word2vec and Fast Text and save them to our computer, then finally we have used them
accordingly in the neural network. But for the keras embedding layer there is no need to train
the dataset separately, rather it only requires the unique integers assigned for each word using

the Tokenizer class in the Keras library, then Keras Embedding layer adjusts everything by itself
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using some parameters. Let us see the implementation detail for each of feature extraction

techniques we have used for our study.

55.1. Training and Loading Word2vec Implementation

As we have explained, we have trained our custom Word2vec and saved it, and then finally
loaded it to be used in the neural network. The following is the snapshot of the implementation
detail.

Code 5. 6: Implementation for Training Custom Word2vec

#train word2vec model using gensim
from gensim.models import Word2Vec

from gensim.models import KeyedVectors

Min_count=1

Size=200

Workers=4

Window=7
model=gensim.models.Word2Vec(sentences=stopword_removed,vector_size=Size,sg=0,
workers=Workers,min_count=Min_count, window=Window)
model.build_vocab(stopword_removed, progress_per=1000)

words=list(model.wv.key to_index)

# vocab_size=len(model.wv.index_to_key)

vocab_size=len(words)

vocab_size

Code 5. 7: Implementation for Saving Custom Word2vec

filename='w2v_200.txt'

model.wv.save_word2vec_format(filename,binary=False)

Code 5. 8: Implementation for Loading and Vectorizing Custom Word2vec

# opening the cutom trained word2vec and vectorizing it using the numpy array
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embeddings_index = {}
f = open(os.path.join('w2v_200.txt"),encoding = 'utf-8')
print("file opened",f)
for line in f:
values = line.split()
word = values[0]
coefs = np.asarray(values[1:], dtype="float32")
embeddings_index[word] = coefs

f.close()

# creating the embedding matrix after opening it
print (‘creating embedding matrix...")
embedding_matrix = np.zeros((len(word_index) + 1, 200))
for word, i in word_index.items():
embedding_vector = embeddings_index.get(word)
if embedding_vector is not None:
# words not found in embedding index will be all-zeros.
embedding_matrix[i] = embedding_vector

print('"Found %s word vectors.' % len(embeddings_index))

55.2. Training and Loading Fast Text Implementation

We have also used the Fast Text for feature extraction mechanisms; therefore, we have prepared
a custom pre-trained Fast Text. Since the saving and loading of the trained model is similar to
Word2vec, we only put the snapshot code implementation detail of training with Fast Text as

follows

Code 5. 9: Implementation for Training Custom Fast Text

from gensim.models.fasttext import FastText
model = FastText(vector_size=200, window=7, min_count=1, workers=7, sg=0, alpha=0.25,
epochs=10)
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# build the vocabulary
model.build_vocab(stopword_removed)
words=list(model.wv.key to_index)

# vocab_size=len(model.wv.index_to_key)
vocab_size=len(words)

vocab_size

55.3. Training with Keras Embedding Layer Implementation

The Keras embedding layer can convert the text data without using the word2vec or Fast Text
feature extraction techniques by using its own mechanisms, and as a parameter, it only requires
the total number of unique words with their specific and unique integer value, the dimension of
the word to be represented and the maximum length of a sentence in the whole dataset in which
it helps to pad and create a matrix. The following is the snapshot code for the Keras Embedding

layer.

Code 5. 10: Keras Embedding Layer to Assign Unique Integer for Each Word

maxlen = max([len(x.split()) for x in stopword_removed.values])
tokenizer = Tokenizer()
tokenizer.fit_on_texts(stopword_removed.values)

max_features = len(tokenizer.word_index) + 1

print(maxlen)

Code 5. 11: Implementation of Training with Keras Embedding layer

# Input / Embdedding
model.add(Embedding(max_features, 200, input_length=maxlen))

On the feature extraction techniques, we have implemented these three different feature
extraction techniques, and we have selected the best feature extraction techniques which have
resulted a promising result for our model. We have discussed which feature extraction

techniques performed better than the others in the next chapters.
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5.6. Implementation for the Dataset Split

As we have been discussing throughout the document, in order to train and test our model we
have divided our dataset into train and test sets using the k-fold cross-validation. Hence the k-
fold cross-validation technique splits the dataset into k-folded groups based on the ratio of k-1,
and the one-leave-out principle where the k-1 folded group is used for training, the one-leave-
out from the k-1 folded groups are used for testing, and iteratively all the k-folded group will be
addressed. Therefore, we have divided our dataset into 10 number of k splits, and when 9 of the
k-folded groups are used for training the rest 1 k-folded group is used for testing. The following

is the implementation snapshot code for the train test split of our dataset.

Code 5. 12: Implementation for Train Test Split

from sklearn.model_selection import StratifiedKFold
kfold = StratifiedKFold(n_splits=10, shuffle=True, random_state=42)
cvscores =[]
for train, test in kfold.split(padded_file, y.argmax(1)):
Bi_LSTM_Model = Sequential()
Bi_LSTM_Model.add(emb)

5.7.  Implementation of the Models

We have used three different deep learning algorithms specifically Bi-LSTM, CNN-LSTM
combined, and CNN. In the previous chapter, it is briefly explained how the layers of the neural
network work and also described in detail how the architectures of Bi-LSTM, CNN-LSTM, and
CNN work with sequential data. Therefore, here we have discussed how these models have been

implemented.

5.7.1. Bidirectional LSTM Implementation

We have used the framework of the Keras library to implement the Bidirectional Long-short
memory to build and develop the Tigrinya hate speech detection, and the following snapshot
code shows how we have built and implemented the Bi-LSTM model.
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Code 5. 13: Implementation for Bidirectional LSTM

from tensorflow.keras.layers import Embedding, Dense,Flatten, LSTM, GRU, Dropout,
Bidirectional
from tensorflow.keras import regularizers
EMBEDDING_DIM =200
class nhum=3
num_words=len(word_index) + 1
emb=Embedding(input_dim = num_words,

output_dim = EMBEDDING_DIM,

weights = [embedding_matrix],

input_length= max_length,

trainable = False)
Bi_LSTM_Model = Sequential()
Bi_LSTM_Model.add(emb)
Bi_LSTM_Model.add(Bidirectional(LSTM(64,return_sequences=False)))
Bi_LSTM_Model.add(Dropout(0.5))
Bi_LSTM_Model.add(Dense(class_num, activation =
'softmax’,kernel_regularizer=regularizers.L2(0.001)))
Bi_LSTM_Model.summary()
# Compiling the model
Bi_LSTM_Model.compile(loss="categorical_crossentropy",
optimizer=tf.keras.optimizers.Adam(learning_rate=0.01),

metrics=["accuracy", tf.keras.metrics.Precision(), tf.keras.metrics.Recall()])
# Early stopping and saving the best perfoming model
from keras.callbacks import EarlyStopping, ModelCheckpoint
# es = EarlyStopping(monitor = 'val_loss', mode = 'min’, verbose = 1, patience = 5)
mc = ModelCheckpoint('./model.h5’, monitor = 'val_accuracy', mode = 'max’, verbose = 1,
save_best_only = True)
# Fitting the model
history_embedding= Bi_LSTM_Model.fit(padded_file[train],y[train],

epochs=10,
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validation_data=(padded_file[test],y[test]),
verbose=1, batch_size=64, callbacks= [mc])

5.7.2. CNN-LSTM Combined Implementation

In our study we have also tried to combine CNN with LSTM, we have used the keras framework
to do so, and therefore we have built a model of combined CNN-LSTM in which it detects the
Tigrinya hate speech , the following snapshot of code implementation detail briefs how we have

combined both of them

Code 5. 14: Implementation for CNN-LSTM Combined

from tensorflow.keras.layers import Embedding, DenseFlatten, LSTM, GRU,
Dropout,SpatialDropout1D, ConvlD,MaxPoolinglD
from tensorflow.keras import regularizers
EMBEDDING_DIM =200
class nhum=3
num_words=len(word_index) + 1
emb=Embedding(input_dim = num_words,
output_dim = EMBEDDING_DIM,
weights = [embedding_matrix],
input_length= max_length,
trainable = False)
Istm_Cnn_Model = Sequential()
Istm_Cnn_Model.add(emb)
Istm_Cnn_Model.add(Conv1D(filters=32, kernel_size=3, padding='same’, activation="relu’))
Istm_Cnn_Model.add(MaxPooling1D(pool_size=2))
Istm_Cnn_Model.add(Dropout(0.7))
Istm_Cnn_Model.add(LSTM(10, activation="relu"))
Istm_Cnn_Model.add(Dropout(0.5))
Istm_Cnn_Model.add(Dense(class_num, activation =
'softmax’,kernel_regularizer=regularizers.L2(0.001)))

Istm_Cnn_Model.summary()
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# Compiling the model
Istm_Cnn_Model.compile(loss="categorical_crossentropy",
optimizer=tf.keras.optimizers.Adam(learning_rate=0.01),

metrics=["accuracy", tf.keras.metrics.Precision(), tf.keras.metrics.Recall()])

# Early stopping and saving the best perfoming model
from keras.callbacks import EarlyStopping, ModelCheckpoint

# es = EarlyStopping(monitor = 'val_loss', mode = 'min’, verbose = 1, patience = 5)
mc = ModelCheckpoint('./model.h5', monitor = 'val_accuracy', mode = 'max’, verbose = 1,
save_best_only = True)
# Fitting the model
history_embedding= Istm_Cnn_Model.fit(padded_file[train],y[train],
epochs=10,
validation_data=(padded_file[test],y[test]),

verbose=1, batch_size=64, callbacks= [mc])

5.7.3. CNN Implementation

Since Convolutional Neural Networks can be used for text classification, we have also built a
model for the Tigrinya hate speech detection using the CNN model, and to build CNN based
model we have implemented it using the following codes of snapshots.

Code 5. 15: Implementation for CNN

from tensorflow.keras.layers import Embedding, DenseFlatten, LSTM, GRU,
Dropout,SpatialDropout1D, ConvlD,MaxPoolinglD

from tensorflow.keras import regularizers

EMBEDDING_DIM =200

class_ num=3

num_words=len(word_index) + 1

emb=Embedding(input_dim = hehe,
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output_dim = EMBEDDING_DIM,

weights = [embedding_matrix],

input_length= max_length,

trainable = False)
Cnn_Model = Sequential()
Cnn_Model.add(emb)
Cnn_Model.add(Conv1D(filters=32, kernel_size=3, padding="same’, activation="relu’))
Cnn_Model.add(MaxPooling1D(pool_size=2))
Cnn_Model.add(Flatten())
Cnn_Model.add(Dropout(0.5))
Cnn_Model.add(Dense(class_num, activation =
'softmax’,kernel_regularizer=regularizers.L2(0.001)))

Cnn_Model.summary()

# Compiling the model
Cnn_Model.compile(loss="categorical_crossentropy",
optimizer=tf.keras.optimizers.Adam(learning_rate=0.01),

metrics=["accuracy", tf.keras.metrics.Precision(), tf.keras.metrics.Recall()])

# Early stopping and saving the best perfoming model
from keras.callbacks import EarlyStopping, ModelCheckpoint

# es = EarlyStopping(monitor = 'val_loss', mode = 'min’, verbose = 1, patience = 5)
mc = ModelCheckpoint('./model.h5’, monitor = 'val_accuracy', mode = 'max’, verbose = 1,
save_best _only = True)
# Fitting the model
history_embedding= Cnn_Model.fit(padded_file[train],y[train],
epochs=10,
validation_data=(padded_file[test],y[test]),

verbose=1, batch_size=64, callbacks= [mc])
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5.7.4. Implementation of Model Evaluation Metrics
In order to evaluate the model, we have used the accuracy evaluation metrics, and different
evaluation metrics such as precision, recall, and F1-Score. In addition to this confusion matrix

has been applied to see the correctly and wrongly predicted classes.

With the following snapshots of codes we have compiled and evaluated the performance of Bi-
LSTM, LSTM-CNN, and CNN models.

Code 5. 16: Implementation of Model Performance Evaluation Metrics

Bi-LSTM_Model.compile(loss="categorical_crossentropy",
optimizer=tf.keras.optimizers.Adam(learning_rate=0.01),

metrics=["accuracy", tf.keras.metrics.Precision(), tf.keras.metrics.Recall()])

Hereafter compiling the model using the keyword of compile() which contains different
parameters such as optimizers which are used to optimize our model by adjusting a learning rate
using different techniques, the second parameter is the loss which tries to show us the loss value
of the model and we have used categorical cross entropy for our multi-class classification, and
binary cross entropy for our binary classification, then there is metrics which includes the
accuracy, precision, and recall which tells how our model is performing in terms of performance.
Then after the precision and recall of the model performance are known, the value of F1-Score

can be calculated easily.

Generally, in this chapter, we have tried to show how we have implemented and designed the

Tigrinya hate speech detection in a brief way.
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CHAPTER SIX

6. Result and Discussion

6.1. Chapter Overview

In this chapter the results and discussion are discussed in detail, in the first section results of the
evaluated models with their sub-topics are described, on the second section details about
performance of different model in terms of accuracy are covered, then the comparison of our
model with the existing works is the third section, then finally on the fourth section discussion

about the whole research is described in detail..

6.2. Results of the Evaluated Models

As we have been describing in detail in the previous chapters, we have built and evaluated three
different deep learning algorithms of Bi-LSTM, CNN-LSTM combined, and CNN using
different feature extraction techniques. We have evaluated the performance of each model by
splitting the dataset into train and test sets based on the stratified k-fold cross-validation
techniques, in which the train set is used to train the model, and the test set is used for the purpose

of evaluating the performance of the model.

6.2.1. CNN-LSTM Model Evaluation Result

As is described in detail in section 4.5.2, Most of the time LSTM is better for sequential data for
it has its own mechanisms to handle long term dependences in a sentences of sequential data,
and CNN was better in image classification, in which it classifies the image using the
convolutional layer using different mechanisms. But this CNN can also be used in text
classification, the only thing we need to do in order to use it for text classification is minimizing
the convolutional layer from 3, or 2 dimensions to 1 dimension of convolution layer, the reason
is sequential data are one dimensional. Therefore, as a researcher we have combined these two
different deep learning algorithm techniques together to see if they can give us a good
performance in the case of Tigrinya hate speech detection.

We have built this model using the word embedding layer as an input layer in which it provides
vectorized words to the hidden layer, and at the hidden layer, we have used two hidden layers,
in the first layer we have put the convolutional layer with its own filter size and max pooling.

Then on the second layer, we used the LSTM layer with 10 units of neurons. And finally, since
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our study is based on the binary and multi-class classification, for the binary classification of

normal and hate classes we have used two neurons at the dense layer with sigmoid activation

function, and for the multi-class classification which classifies Tigrinya written texts into one

of the three categories called hate, normal, and offensive, we have used three neurons at the

dense layer with softmax activation function. To reduce the model overfitting, we have also

applied the L2 regularization techniques and we have evaluated our CNN-LSTM combined

model for both binary and multi-class classification using different evaluation metrics, their

result is presented as follows.

Table 11: CNN-LSTM Model Evaluation Result for Binary Classification

Metrics Feature Extraction
Word2vec Fast Text
i i Keras Embedding
CBOW Skip-gram | CBOW Skip-gram
Accuracy 87.78 85.83 93.33 95.28 91.39
(In percent)

As a result, for the binary classification using the CNN-LSTM model the Fast Text with skip-

gram model has outperformed the rest with an accuracy of 95.28 %.

Table 12: CNN-LSTM Model Evaluation Result for Multi-Class Classification

Metrics Feature Extraction
Word2vec Fast Text
_ i Keras Embedding
CBOW Skip-gram | CBOW Skip-gram
Accuracy 75 65.26 85.37 85 75
(In percent)
Precision 78.10 72.03 86.23 86.34 75.09
(In percent)
Recall 70 53.89 83.52 84.26 74.81
(In percent)
F1-Score 73.82 61.65 84.85 85.28 74.94
(In percent)

Here for the multi-class classification, the information presented in the above table describes the

detail of classifying the Tigrinya hate speech detection using the CNN-LSTM with different

80




feature extraction techniques. As a result, the feature extraction of Fast Text with the skip-gram
model has outperformed the other feature extraction techniques with performances of Accuracy
85 %, Precision of 86.34 %, Recall of 84.26 %, and F1-score of 85.28 %.

6.2.1.1. HyperParameter Tuning of CNN-LSTM Model for Multi-Class
Classification
For the CNN model, we have applied hyperparameter tuning to find an optimal value of
parameters for the model. The major justification for tuning hyperparameters is the difficulty in
determining a model's optimum performance when only one parameter combination is used.
Therefore for our model, to find the optimal performance, we have manually tuned and applied
different parameters including changing the number of epochs, changing the number of hidden
layers, activation functions, optimizers and etc. hence the following table shows different

combinations of parameters with their respective accuracy and F1-Score for CNN-LSTM.

Tested Hyperparameter values
Parameters | Epochs | Batch | Hidden Optimiz | Activation | Accuracy | F1-Score
(TP) -Size | layers ers Functions | (Inpercent) | (In percent)
CNN LSTM
TP1 10 64 1 1 Adam | Softmax | 85.37 84.85
TP2 10 64 2 1 Adam | Softmax 83.12 82.36
TP3 10 64 1 2 Adam | Softmax 81.27 81
TP4 50 64 1 1 Adam | Softmax |84 83.69
TP5 50 64 2 1 Adam | Softmax 84.31 83.94
TP6 50 64 1 2 Adam | Softmax | 83.44 83.23
TP7 10 128 1 1 Adam | Softmax 83.11 82.53
TP8 10 128 2 1 Adam | Softmax | 84.52 84.24
TP9 10 128 1 2 Adam | Softmax | 83.75 83.59
TP10 50 128 1 1 Adam | Softmax 82.86 82.36
TP11 50 128 2 1 Adam | Softmax | 81.41 80.68
TP12 50 128 1 2 Adam | Softmax | 81.12 80.87

Table 13: Hyperparameter Tuning of CNN-LSTM Model for Multi-Class Classification
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Figure 13: Parameter Tuning Results of CNN-LSTM Model for Multi-Class Classification
6.2.2. CNN Model Evaluation Result

In order to select the best performer amongst different models, we have also tried to implement
our Tigrinya hate speech dataset using the convolutional neural network. As we have described
in detail in the previous chapters in section 4.5.3 about how the convolutional neural network
works for sequential data, we have applied it using different techniques, since there are three
different layers in the concept of deep learning neural networks, on the input layer embedding
layer is used for converting text to numbers and deliver it to the hidden layer. On the hidden
layer, we have used one hidden layer of convolutional neural network with its different
parameters such as filter size and max pooling. On the output layer, we have used three units of
neurons for the multi-class classification and two units of neurons for the binary classification.
Therefore we have evaluated our CNN-based model using different feature extraction

mechanisms and evaluation metrics as follow.

Table 14: CNN Model Evaluation for Binary Classification

Metrics Feature Extraction

Word2vec Fast Text
Keras Embedding

CBOW Skip-gram | CBOW Skip-gram

Accuracy 83.61 87.22 93.61 93.33 91.94
(In percent)
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As a result, for the binary classification using the CNN model, the Fast Text with CBOW has

outperformed the rest with an Accuracy of 93.61 %.

Table 15: CNN Model Evaluation for Multi-Class Classification

Metrics Feature Extraction
Word2vec Fast Text
i i Keras Embedding
CBOW Skip-gram | CBOW Skip-gram
Accuracy 71.11 68.33 83.33 81.85 81.3
(In percent)
Precision 75.66 72.27 83.52 81.78 82.18
(In percent)
Recall 63.33 58.89 82.59 81.48 81.11
(In percent)
F1-Score 68.94 64.89 83.05 81.62 81.64
(In percent)

Whenever the convolutional neural network model is applied to our dataset for the multi-class

classification, it has provided promising results using different extraction techniques, as it is

described in the above table the Fast Text with the CBOW has a better performance when it is

evaluated using different evaluation metrics, and as a result it has provided an Accuracy of 83.33

%, Precision of 83.52 %, Recall of 82.59 %, and F1-score of 83.05 %.

6.2.2.1.

HyperParameter Tuning of CNN Model for Multi-Class Classification

For the CNN model, we have applied hyperparameter tuning to find an optimal value of

parameters for the model. Hence the following table shows different combinations of parameters

with their respective accuracy and F1-Score for CNN model.

Table 16: Hyperparameter Tuning of CNN Model for Multi-Class Classification

Tested Hyperparameter values

Parameters | Epochs | Batch | Hidden | Optimizers | Activation | Accuracy | F1-Score
(TP) -Size | layers Functions | (Inpercent) | (In percent)
TP1 10 64 1 Adam Softmax | 83.33 83.05
TP2 10 64 2 Adam Softmax 81.65 80.36
TP3 50 64 1 Adam Softmax 81.13 81.27

83




TP4 50 64 2 Adam Softmax 82.86 82.43
TP5 100 64 1 Adam Softmax 80.34 80.18
TP6 100 64 2 Adam Softmax 81.5 81.65
TP7 10 128 1 Adam Softmax 82.55 82.05
TP8 10 128 2 Adam Softmax 82.31 82.45
TP9 50 128 1 Adam Softmax 80.30 80.15
TP10 50 128 2 Adam Softmax 81.81 80.96
TP11 100 128 1 Adam Softmax 81.39 80.54
TP12 100 128 2 Adam Softmax 82.28 81.56
Parameter Tuning for CNN Model
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Figure 14: Parameter Tuning Results of CNN Model for Multi-Class Classification

6.2.3.

Bi-LSTM Model Evaluation Result

Inside TensorFlow, there is a library called Keras APl which provides us the Bi-LSTM model,

and different evaluation metrics which helps us to evaluate the model of the Bi-LSTM. As we

have been discussing earlier in the concept of deep learning there are three layers, therefore for

the Bi-LSTM model we have used the embedding layer as an input layer, which provides the

vectorized words to the hidden layers, on the hidden layer we have used one layer of Bi-LSTM

in which the hidden layer contains 64 units of neurons, and finally, on the output of dense layer,

we have used three units of neurons with softmax activation functions for the multi-class
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classification. The reason we put only three units of neurons on the output layer is that our
number of classes to be classified has only three categories called hate, offensive and normal,
and the softmax activation function is the recommended type of activation function for the multi-
class classification. On the other hand, we have used two units of neurons at dense layer for the
binary classification with activation function of sigmoid. The following table describes the

detailed results achieved using the Bi-LSTM model

Table 17: Bi-LSTM Model Evaluation for Binary Classification

Metrics Feature Extraction
Word2vec Fast Text
i i Keras Embedding
CBOW Skip-gram | CBOW Skip-gram
Accuracy 84.72 85.28 95.83 96.11 95.83
(In percent)

As a result, for the binary classification using the Bi-LSTM model, the Fast Text with Skip-
gram has outperformed the rest with an accuracy of 96.11 %. Therefore, for the binary
classification the Bi-LSTM model with Fast Text of skip-gram has outperformed the CNN-
LSTM and CNN with an accuracy of 96.11 %

Training and Validation Loss

Y —— TFaining Loss
Validation Loss

epochs

Figure 15 : Model Loss of Bi-LSTM for Binary Classification
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Table 18: Bi-LSTM Model Evaluation for Multi-Class Classification

Metrics Feature Extraction
Word2vec Fast Text
i i Keras Embedding
CBOW Skip-gram | CBOW Skip-gram

Accuracy 71.48 66.3 87.41 85 85.74
(In percent)

Precision 76.83 69.66 88.02 85.26 86.19
(In percent)

Recall 62.04 57.41 85.74 84.63 85.56
(In percent)

F1-Score 68.64 62.94 86.86 84.94 85.87
(In percent)

Here, based on the result in the above described table, from the feature extraction techniques of

word2vec, Fast Text and Keras embedding layer for the multi-class classification, the Fast Text

with the Continuous Bag of Words has outperformed the word2vec and Keras embedding layer

of feature extraction with a performance value of Accuracy 87.41 %, Precision 88.02 %, Recall
85.74 %, and F1-Score of 86.86 %. Generally, the Bi-LSTM model has outperformed the CNN-

LSTM and CNN models using Continuous Bag of Words of Fast Text.

frain
test

model loss

Figure 16: Model Loss of Bi-LSTM for Multi-Class Classification
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6.2.3.1. Confusion Matrix of the Bi-LSTM Model for Binary Classification

The overall size of our dataset for binary classification is 3608, with 1793 and 1815 labeled as
normal and hate respectively, and we have trained our model based on stratified K-fold cross-
validation by splitting the dataset into 10 different k-folded groups. As a result using confusion
matrix, the Bi-LSTM model has correctly classified 1779 as normal from the 1793 of the normal
class, and incorrectly classified 14 of it as hate. From the 1815 hate classes, our model has
classified 1804 of it correctly as hate, and wrongly classified 11 of it as normal. The following
confusion matrix shows the prediction of binary classification using Bi-LSTM model

Confusion Matrix for Bi-LSTM

normal

true label

11

hate

normal hate
predicted label

Figure 17: Confusion Matrix of the Bi-LSTM models for Multi-Class Classification

6.2.3.2. Confusion Matrix of the Bi-LSTM Model for Multi-Class Classification

A confusion matrix is a way that is used to show how our trained model got confused during
predictions. Therefore, since our Bi-LSTM model has performed better than the CNN-LSTM
and the CNN, we have seen a detailed classification of it using the confusion matrix. The
confusion matrix has been applied to the Bi-LSTM model after the dataset is trained based on
the K-fold cross-validation techniques. As described in earlier chapters, the overall size of our
dataset is 5400, with 1793, 1815, and 1792 labeled as normal, hate, and offensive classes,
respectively, and we have trained our model based on stratified cross-validation by splitting the

dataset into 10 different k-folded groups. We have used the confusion matrices to determine
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how our Bi-LSTM model classifies each class appropriately. The confusion matrix shows how
a total of 5400 datasets are categorized correctly and incorrectly as hate, offensive, and normal.
As aresult, from the 1793 of the normal classes, our model has classified 1650 of them correctly
as normal classes and incorrectly classified 27 of them as hate, and 116 of them as offensive.
From the 1815 hate classes, our model has classified 1648 of them correctly as hate classes and
incorrectly classified 59 of them as normal, and 108 of them as offensive. At the end, from the
1792 offensive classes, our model has classified 1626 of them correctly as offensive classes and

incorrectly classified 81 of them as hate, and 85 as normal.

The following figure is the detailed result of the confusion matrix during predicting the Tigrinya

written texts and classifying them as hate, offensive and normal accordingly.

Confusion Matrix for BI-LSTM
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Figure 18: Confusion Matrix of the Bi-LSTM models for Multi-Class Classification

Generally, according to the report of the above confusion matrix, there has been a little confusion
between identifying the hate from the offensive, and identifying the offensive speech from the

normal speech, and hate speech was also a bit confusing for our model.
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6.2.3.3.

HyperParameter Tuning of Bi-LSTM Model for Multi-Class Classification

For our best-performing model of Bi-LSTM, we have applied hyperparameter tuning to find an

optimal value of parameters for the model. Hence the following table shows different

combinations of parameters with their respective accuracy and F1-Score of the Bi-LSTM model.

Table 19: Hyperparameter Tuning of Bi-LSTM Model for Multi-Class Classification

Tested Hyperparameter values

Parameters | Epochs | Batch | Hidden | Optimizers | Activation | Accuracy | F1-Score
(TP) -Size | layers Functions | (Inpercent) | (In percent)
TP1 10 64 1 Adam Softmax 87.41 86.86
TP2 10 64 2 Adam Softmax 86.23 85.59
TP3 50 64 1 Adam Softmax | 85.78 84.97
TP4 50 64 2 Adam Softmax 86.11 85.33
TP5 100 64 1 Adam Softmax 85.93 86

TP6 100 64 2 Adam Softmax | 86.11 86

TP7 10 128 1 Adam Softmax | 85.93 85.57
TP8 10 128 2 Adam Softmax 84.44 84.24
TP9 50 128 1 Adam Softmax | 86.48 86.11
TP10 50 128 2 Adam Softmax | 86.33 86.13
TP11 100 128 1 Adam Softmax 86.11 85.2
TP12 100 128 2 Adam Softmax 86.43 86.45
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Parameter Tuning for Bi-LSTM Model
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Figure 19: Parameter Tuning Results of Bi-LSTM Model for Multi-Class Classification

6.2.3.4. Bi-LSTM Model Evaluation Demo

We have demonstrated the ability of our model by giving new data to the model, and detect the

text, and classify it as hate, offensive, and normal. The following code snapshot shows the

demonstration for evaluation of our Bi-LSTM model.

Code 6. 1: Bi-LSTM Model Evaluation Demo

tXt = ["ao¥5t AQ% AAh & FhdN HAT R**Adh 0%0"]

seq = tokenizer.texts_to_sequences(txt)

padded = pad_sequences(seq, maxlen=max_length)
pred = Bi_LSTM_Model.predict(padded)

labels = ['hate’, ‘offensive’, 'normal’]

print(pred)
print(np.argmax(pred))
print(labels[np.argmax(pred)-1])

[[3.7251116e-04 9.9923837e-01 3.8912270e-041]]
1
hate

txt = ["AMHANEC K7YET PPhlET RYANI® HI° AehPTR"]

seq = tokenizer.texts to_ sequences(txt)
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padded = pad_sequences(seq, maxlen=max_length)
pred = model.predict(padded)
labels = ['hate’, 'offensive’, 'normal’]

print(pred)
print(np.argmax(pred))
print(labels[np.argmax(pred)-1])

[[0.50873274 0.14672324 0.344544 1]
0
normal

txt = ["A7 420 H° ANR HETACP AVTIT"]

seq = tokenizer.texts_to_sequences(txt)

padded = pad_sequences(seq, maxlen=max_length)
pred = model.predict(padded)

labels = ['hate’, 'offensive’, 'normal’]

print(pred)
print(np.argmax(pred))
print(labels[np.argmax(pred)-1])

[[0.36185002 0.05536045 0.5827896 1]
2
offensive

6.3. Performance of our Models in terms of Accuracy

Three different deep learning approaches have been used throughout our work, and they have
all produced surprisingly positive results for the Tigrinya hate speech detection for the binary
and multi-class classification, especially when combined with Fast Text feature extraction
techniques. As a result, for the multi-class classification the combination of LSTM and CNN
models has produced an accuracy of 85.37 %; the CNN model likewise produced an accuracy
of 83.33 %; and the Bi-LSTM model produced an accuracy of 87.41 %, which is a better result.
Even though the Bi-LSTM model outperformed the others, the rest of the model still produced

impressive results. The following graph shows the models with their respective results.
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Figure 20: Performance of our Models in terms of Accuracy for Multi-Class Classification

Additionally, for the binary classification of the Tigrinya hate speech detection the Bi-LSTM
model has outperformed CNN-LSTM and CNN with an accuracy of 96.11%.
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Figure 21: Performance of our Models in terms of Accuracy for Binary Classification

6.4. Comparison of our Models with the Existing Models

Even though there is no research studied regarding the Tigrinya hate speech detection, there are

some related studies done in our country. These researches are hate speech detection for

Ambharic language and Afan-Oromo languages. As described in section 2.8 the first research
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done for the Amharic language is done by (Zewdie Mossie and Jeng-Haur Wang, 2018), they
have used machine learning techniques of Naive Bayes to detect Amharic hate speeches from
the non-hate using Word2vec and TF-1DF feature extraction techniques and they have achieved
79% of accuracy. When we compare it with our study, we have used different deep learning
approaches than the traditional machine learning approaches using three different feature
extraction techniques, namely Word2vec, Fast Text, and Keras Embedding layer. By using this
mechanism, we have achieved a better performance of accuracy for both binary and multi-class
classification than this Amharic hate speech detection. There is also another research done for
the Amharic language by (Defar, 2019), the good part of this research is that, they have prepared
two separate datasets one for the binary classification and the other for ternary classification,
and also they have compared more than six feature extraction techniques namely, TF-IDF,
Word2vec and by combining n-grams with TF-IDF using three different traditional machine
learning algorithms. Finally, they ended up with 73% of F1-Score using SVM with Word2vec
for the binary classification and 53% for the ternary classification. In our study we have also
prepared two separated datasets for the binary and multi-class classification, and we have
achieved a better model performance using various deep learning algorithms with three different

feature extraction techniques

The other research studied for Amharic hate speech detection is done by (Surafel Getachew
Tesfaye and Kula Kekeba Tune, 2020), this research has achieved better performance for
Ambharic hate speech detection with an accuracy of 97.9%. They have used two variants of RNN
called LSTM, and GRU using Word2vec of feature extraction. This research was a benchmark
for our study, which has helped us to think variants of RNN could provide a better performance
in the area of hate speech detection. This research has used around 30,000 datasets and has a
better performance for binary classification, and when we compare it with our study, for the
binary classification we have provided comparable results using deep learning techniques with
much lesser datasets. In addition to this we have applied multi-class classification for the
Tigrinya hate speech detection by adding one more classes called offensive speech while the
research done by (Surafel Getachew Tesfaye and Kula Kekeba Tune, 2020) has performed only
for the binary classification. Additionally we have tried to combine LSTM with the CNN, even

though it has achieved a lesser result than the Bi-LSTM model, it is still better, and we have
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showed that it is possible to use different deep learning approaches than just Recurrent Neural

Network for the Tigrinya hate speech detection.

For the Afan-Orormo hate speech detection different studies have been done, the first one is
(Naol Bakala Defersha and Kula Kekeba Tune, 2021), they have used six different traditional
machine learning techniques to compare different results using TF-IDF combined with bigram
for the feature extraction purposes, and they have got precisions of 66%, recall of 66% F-Score
of 66%. But for our study we have built a model using different deep learning approaches with

a better performance than this study.

Another researches conducted for Afan-Oromo hate speech detection is by (kanessaa, 2021),
they have done a binary hate speech detection by comparing four different traditional machine
learning algorithms using Word2vec, TF-IDF, and TF-IDF combined with Word2vec as feature
extraction techniques and they have achieved an accuracy, F1-Score, precision and recall of
0.96%. Here when we compare it to our Tigrinya hate speech detection, for the binary
classification we have achieved a better performance with accuracy of 96.11%. In addition to
this we have applied multi-class classification for the Tigrinya hate speech detection by adding
one more classes called offensive speech while the research done by (kanessaa, 2021) have only
classified for the binary classification. Furthermore, we have explored different deep learning
algorithms than using the traditional machine learning algorithm. Additionally (Kemal, 2021)
has studied bilingual hate speech detection for Afaan Oromo and Amahric language, they have
used six different deep learning approaches and the Bi-LSTM has achieved a better performance
than the rest five deep learning approaches. As a gap they only have studied for binary
classification, except for the number of classes they already did a great work.
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6.5. Discussion

In this study, our main objective is to build the Tigrinya hate speech detection model from
Facebook posts and comments, and therefore to fulfill our objective some research questions
have been raised in section 1.4. Throughout this whole document, we have been trying to answer
the research questions that have been raised at the beginning of the study, using different
techniques. We have discussed in detail the scientific methods and techniques we have used to
answer the research question, therefore for clarification, we have first put the research question,

and then we have discussed in what way we have responded to each question.

The first research question was “How to identify the data sources and prepare the dataset for the
study??” here to answer this research question we have applied different techniques. In order to
prepare and build the datasets for the Tigrinya hate speech detection, primarily before we started
to collect the dataset, we identified our data sources. As a result, the main sources for our datasets
were popular activist pages, government official pages, and political parties’ Facebook pages,
and therefore based on these data sources we have collected the dataset from Tigray Media
House (TMH), Dimtsi Woyane International (DW), center for research and documentation
TANA °CI°CT 0187 %At 716-0-07, Tigray Television official Facebook pages (TTV), Tigray
Prosperity Party Official Pages, &Cté @2 9™t Eritrea wey Mot and Tigray Communication
Affairs Official pages. As a sampling technique, each data source of the Facebook page should
have at least 15 thousand followers, and each post and comment need to be written in Tigrinya
(Fidel) script. Hence, we have used a tool called Facepager which is an API of Facebook,
therefore by using this tool we have collected different Tigrinya written posts and comments.
After we have collected the data, we gave 1000 datasets to three annotators to label them as hate,
offensive, and normal based on the Ethiopian hate speech law and guidelines of the Facebook
community standard, then to check whether the labeling is correct and unbiased we applied the
Fleiss Kappa inter-annotator agreement, and as a result with the value of 0.65 of Fleiss Kappa
the level of agreement between annotators is a substantial level of agreement. Finally, we saved
itin CSV file format, therefore these whole steps have been applied to prepare it, and this is how

we identified the data source and prepared our dataset.

The second research question is “Which feature extraction techniques give good performance

for building the model? To answer this question, we have applied three different feature
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extraction techniques namely, Fast Text, Word2vec, and Keras Embedding layer. The main
purpose of feature extraction is to vectorize each word into real-valued vectors or numeric forms
of matrices to enable it to be understood by the machines. We have compared the results
achieved using these three different techniques, and as a result, the Fast Text and Keras
Embedding layer have resulted with better performance than the Word2vec. More specifically
to answer the research questions, for the multi-class classification the Fast Text using the
continuous bag of words has outperformed the rest of the feature extraction techniques applied
throughout our study. On the other hand, for the binary classification the Fast Text using the

skip-gram model has outperformed the rest of the feature extraction techniques

The third research question is “Which deep learning approaches can be used to build a best
performing model that can accurately predict and classify the Tigrinya texts as hate, offensive
and normal speech?” to answer this question we have applied three different deep learning
techniques and these are Bi-LSTM which is variants of Recurrent Neural Networks, CNN-
LSTM which is a combination of LSTM and CNN, and finally we have also applied the CNN
to our dataset. As a result, the Bi-LSTM model has outperformed the CNN-LSTM and CNN for
both binary and multi-class classification. But the CNN and CNN-LSTM has also achieved very
promising result in detecting Tigrinya hate speeches, and therefore they could be applied in the

Tigrinya text classification for the future.
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Conclusions and Future Works

Conclusion

The main objective of our study is to develop and build a model that could detect Tigrinya
written texts and classify it as hate, offensive or normal, and therefore we have built it using
different techniques. To build the Tigrinya hate speech detection model, collecting the data from
different Facebook pages was our first task, and we have collected 5400 posts and comments
with unique words of 19,507 for the multi-class classification. For the binary classification we
have used 3608 posts and comments, and it has a unique word of 15017, and saved it in a CSV
file format. After collecting the dataset, we have applied some preprocessing techniques which
includes data cleaning, normalization, tokenization, and removing stop words, and this
preprocessing technique has helped the model to only consider on the main keywords from the
dataset. Then different feature extraction techniques have been applied, these are the Word2vec,
Fast Text, and the Keras Embedding layer. The reason we need to use the feature extraction
technique is, that each word in the dataset has to be understood by the machine, and in order to
do so they need to be converted into numbers, and we have applied comparison of feature

extraction and selected the best performing feature extractor.

We have used three different deep learning algorithms of Bi-LSTM, CNN-LSTM combined,
and CNN for both binary and multi-class classification to implement the Tigrinya hate speech
detection. In our study, we have tried each of these deep learning algorithms using the three
feature extraction techniques. As a result, for the multi-class classification the Bi-LSTM model
using the Fast Text of CBOW has outperformed the CNN-LSTM combined, and the CNN with
an Accuracy of 87.41 %, the precision of 88.02 %, recall of 85.74 %, and F1-Score of 86.86 %.
On the other hand, for the binary classification which classifies Tigrinya texts as hate and
normal, the Bi-LSTM model using the Fast Text of skip-gram has outperformed the CNN-
LSTM combined, and the CNN with an Accuracy of 96.11 %. As a researcher even though the
CNN-LSTM, and CNN has performed lesser than the Bi-LSTM model, we have noticed that the
CNN-LSTM and CNN are also good for both binary and multi-class classification of Tigrinya
hate speech detection, additionally from the extraction techniques the Fast Text and Keras
Embedding layer has performed better than the Word2vec for the Tigrinya hate speech
detection.
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Future Works

The main goal of this study was to build a model that detects the Tigrinya written texts and

classify it as hate, offensive and normal for multi-class classification and classifying as hate and

normal for binary classification, and we have achieved this by using different techniques. Even

though our model could detect the Tigrinya hate texts from the non-hate, there are a lot of

missing techniques to be included in our research, in which these missing techniques can have

an effect on improving the performance of the model. The following are future works to be

included in the Tigrinya hate speech detection

Building a dataset that includes all of the Tigrinya dialects, here in our study the main
challenge was all the Tigrinya speaker writes using based on their dialect which might
vary from the well-known Tigrinya texts, and therefore trying to correct each text is not
the right thing, preparing datasets which include the whole Tigrinya dialect would be
much better, and therefore this could be our future work.

Building multilingual hate speech detection model is also our future plan, because people
might diffuse hate speech by mixing Tigrinya, Afan-Oromo and Amharic languages.
Additionally, instead of building different models for each language, building one model
which is trained on different languages would be better.

Including emojis and graphics reaction in a sentence, using emoji or graphics people
might express their feeling negatively or positively towards something, therefore for the
future we will include emojis and graphics reaction in the Tigrinya hates speech
detection.

When we build these Tigrinya hate speech detection models, we didn’t have applied
stemming or lemmatization techniques, which might provide a change in the
performance of our model, therefore including stemming and lemmatization is our future

plan in the Tigrinya hate speech detection.
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APPENDIX

Appendix A: Data Collection Sample
Appendix A.1: Data Collection Sample using Facepager Tool
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Base path | htps:fgraph.faceback.comfv 13.0 25 percent of app level rate limit reached, [
Resource | [<page-id posts Wark finished, shutting down threads, s []
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Appendix B: Dataset Sample
Appendix B.1: Tigrinya Hate Speech Dataset Sample

comments Label
oy, @.# ( RIPAN RaPATY]]F . Tete THE AAPE""" 2345544, ?2?7? normal

mister PhPh: §L aPd ANC HEhHNGT aP4C PCAL DAL AT HIPPTNG AT P& tT OCE At K85 U

Te T normal

AUNEL N ALAI® Haogh AD-M. PA? hate

KN AGeRs 8-NAAONS 9T T HENLTFO oot N8t 8070 Al A& SN Hie HEd A dhel Al FAAMI® Hoe hdotche

TANLI® AIPNL Tchd HeTALN hOD-T: offensive

AD WL & KPP he 1299° L1LEP KAC AL Sk @ 8T U7 AHLANAC APAT 00 LRAANG® Ade
AATG ND-CLAT A% AZS 1 1l A &k APHHING A%1 A0 NI, APT ARIPTN8AT HEHE 7H. ) PPR A&

(P aONANI® IOKEE he-:: normal
Paot A AR tANA HPPZ A AQmM. PA7 TTPD AWCFe- 1l 9190 AP 68 A&dh Nt AOA H0Tt 1S Hch

h709°0 A.G AGSND-07 T-de9® PhIT he9° hate
AhS TANOT FO76RT7 HIPKhA A<, PAT Ned® FHEN'E aPNHAEAT® LhI it A 9P hGLND-07 ARG

hg° hate
4.MG LR Poild BM.LLS AIPNC NORI° AVNL av&tdh, PA =@ C1977 hate
PhNT A% normal
e LALTHIR 94 AP AAD-E oD TI° OF 190-9° &6 P WL TNAANI® A98sh HEHPCONIPT Aovr:

NACTL G0 Gt T FOn9° HA hate
GAT° G4 3 hd HETEA D £.MG AAT® POhlA LDCLAS 771CS TWHANG 9148 T00C normal
HI® PCBYGt 8 AWTLPIC &k offensive
APTL ANCE AFFS APAD LANARY® 20AST APOC D0 AUHA TSN HTOD-F avetdh, PNAI®T HI® (%t offensive
QIHGP pa9aPF gOTI° 1IC ALTONT AchéoTt AL 8AIPN ChL AT NPABICG T8 TPOA hate

A RPPATL UHOR hie g normal
AIPAR PR QA VTG PPehsin ARTIAGEEER normal
K997 avdt G QAP LIPANN-IP normal
AT RTLT ROTY normal

M-t +FAN APOC IPNIET AP PANA TIP3 HETIC IR0 E N1 F 798 Hid-ch THO-T: NPAA NPAN L TAN AR
277 A9PNC VHAS D2EH. 199, AP 1M0AT PPSAQT Al @-AMI° ALAT It avLied® o0 NEUAD. Emé-mC

U2t Al OCh. Dt UL TINF PO ALNTT normal
Ak AAA DRUA F@EANI° WOATE TAOATHI® hAD-:: normal
VN0 71948 NAhAG AR rde 4.M6 NG LNAST normal
AT AT RO normal
+68 HLC offensive
ATR0 L0 NADKI® HD4% GBI HAL ANG 7182 PaJ L tv 7h /hacked +1£¢- & offensive
£9°9 UHAS ToFT M0t PO . TSP normal
AAT® A0 Sch? PINTR° VOOV normal
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HeAONI° B’ ach Pt

%A A9PAALE A FhANCYT NNOTY, 184 HeAP

VHOL 97942 R hhd§ he et T2 TG

AP UHNL TR & AL FEL Adhhch

+94 CTPt NALA, PPRAL HEGTHNI® AR 10 APALLt NhLA, OALTIA T ARNT APt

106 NNBCH hHhCh Adh = +94 §8 Atahdn0 APNC T8 NEC FAA PNATT =

A8 HONET AR A T01910 (19°%t AP HHTIT AIPOC DIt 6h HAG 9°79° HeHEAT 10C AP HA U7 At
NOLG FC AT aPe- 5%, NavR NIPHAMIPI® hF- ho191 A TG4 Wk @M HAOI°% A9°% T LaPaAL FHEA
HA

Alsa YemaneAlsa Yemane HT®OAL M 1248 ThA®-f Ad<7 XAAL & 9°0 AA AT ha AlA TL4T AP
Achd.
$44 AL HeACAh

B0-P AAN BAAY TN AA 17 ket @AM HHATPG A9P%T AP FHLA HA @718 HOANE AN HeAONAE 169,
hgaavph A7hoe P4 7 AN 7 DAL A7 BB AR AT NP FATLOP & RDT L A% MG ATPAD NF
(1Aav RaPAANG AI°NC

+90 (A FGTF $TATF G000 KAt
At ®TI0 ZAch L4 Gpa0
Sara Fsha T9° A, #7740 4,0a0

KRAGE? ¢ aLe Nltet

AF AT ONPE TG T T T A TGO T HNAFL T PN, T ATOIFLT GOT D8, TR TheS AT IPOCHT T
87 AIPTFL FHRNAT 9PN, THRA? AFRRAPE 621 0037 168 A TATNHLLT 9P0A, h(LS hPpaop?
ANPE QWWE-0 T AFaNCP:11]

192 OO RETHI hrkI° POy

ho%h A8 VHNEDDD

T6L (1l AAP

+24 WIFLTT AP2 AH TN AATIPATH A0 078 A EFALL PPAFQTHI® ANRAMTH® Hie LAch Athna
oA PPl PhAS T PN Cid HEAN VOt HATONI® h@hF AR AP 109° API° ECALL: HNY - MHT-g°
AZG4 ARI°TE HCh-A AROT

normal
normal
normal
normal
hate

normal

normal

normal

offensive

normal
hate
hate
hate

normal

normal
normal
normal

normal

hate
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Appendix C: List of Stop Words

Appendix C.1: List of Tigrinya Stop Words

UM
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A,

ch,
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o0
o0t
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il
FoNING
goIg°
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9oy
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oo
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YA
aNg
Al
Al
Al
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Al

A g
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Al
Aan
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hA
AAL
JaWaly
A
Waul
Walle

ah
AGL
A0
av’y
aog.
Al
At
e

Al

Al

AN
AT,
Y2
Yl
APqL
ARNT7
AR NTY
ART1L
hv{®
A7l
A7°0C
A°0AC
A7°NL
AT
AT
hT°8A
A
AnhA
Aff
A0
A7
At
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nese
ne?y
nsh.
n5H
Ok
NdAn
At
F
052
NAL?
Ah9°H,
ATt
AHL
{H,
AHON
QMY
MUY
Ngh
A
Fe
EN(laY
P
A
Fhe
Thk
10¢
AP
APh
hPL
D72
Al
A,
Al
AlLA

5CS
5Ch
Yche
YhG
a0y
79P0A
190U L
70

7
Thh
70h
ha
M
0

M rhege
RN
A7
ik
5L
v
7%,
THA.
THAe
THL
7,
THYO
hATRge
haa.
hae
hoe
havg,
hoig
ho77
hah

Ao
Aled®
A
A
AL
A%
Al
ANDegP
Anh
ANTHIP
ANR
AM@.
ANP
ANDP
ANPIP
AA
Al
aNg
AlLie
Al
Al
ANN74.
AIHG
AIH.
A(lHA
AH
A
A7
e
-eg®
nrq
n7
ne
ane

hF
hfI°
hS
AS0A
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A0C
Art
Artah
ArrHPA
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W18
AL
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A8
A8R
Aty
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e
A,
nra
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N4
ha
hne
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AHLAR
AHAIP
AH
AH T
AHEN
AHYP
h?
\¢}
AR
AR
hf
A%I°
he
heP°

't
Hh'x
Wy
HeA,
Hg®
2NAS
200
204
£ah
A
LA
ehy
(A0
LA
40
I7h

hori
horq
hore
hyo
hoot:
nger
hgogo
ho°h
Ng°hD7
ng°HAL
hg°HAD-gP
hgeHAN,
hg°HAT.
hgPHAL
hoe,
HeAA
VA
HOYA
HNA
HOAS
HOYA
HAYA
H0A
HiN
Hhy
A
el

Sk
Bh°
Lehd
Téch

hag
hag
hf
N7
h(t;
n(1-fg°
hH
O
hade
hua®
han
nhao
han
i
ha
HANY
A
HA®
HA®.
HAP
HAP
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HA
Hev
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Ly
Sh
a4
£9
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1.9

nn7
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b
by
b7
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he
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oA,
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oL
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og-
Ph
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gg
HAY,
HAS
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0
08
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