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ABSTRACT

As a side effect of increasingly popular social media, aggression has emerged as a serious problem
afflicting individuals or groups. However, aggression classification plays an important role in the
user’s feedback evaluation and decrease the challenge. At present, deep learning techniques such
as long short-term memory (LSTM), gated recurrent unit (GRU), bidirectional long short-term
memory (BiLSTM), or convolutional neural network (CNN) are prevalently preferred in
aggressive comment classification. Moreover, word embedding such as Word2Vec and FastText
is closely examined in text for mapping closely related to the vectors of real numbers. In this thesis,
we present BILSTM model with FastText word embedding to classify Amharic Facebook and
Twitter posts and comments into non-aggressive, covertly aggressive, and overtly aggressive
comments to reduce the challenges of Amharic aggression using deep learning approach. The
proposed model extracts features from FastText word embedding and classifies texts in terms of
aggression levels. The FastText word embedding capable to handle out-of-vocabulary problems,
spelling error for words and another challenging issue lack of efficient in representation of rare
words. By comparing, the performance of the proposed word embedding with word2vec, the
proposed word embedding better for aggression detection classification performance with 1.23%
accuracy difference score. We developed BiLSTM model using FastText word embedding to
classify Amharic social media posts and comments into neutral, covertly, and overtly aggressive.
We compared with BiIGRU and BiLSTM-CNN based on word2vec and FastText word embedding,
the proposed model based on FastText embedding performed best with 0.7631, 0.71, 0.71, and
0.71 accuracy, F1-score, Precision and Recall respectively.
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CHAPTER ONE
INTRODUCTION

1.1 Background

Social media is a very popular way for people to express any hot news, advertising something,
establish communication with a new friend, and sharing what group members feel at the time about
the issue. People in Ethiopia also spend a significant amount of time on social media to express
opinions, interact with friends and share ideas (Sibhat, 2018). Reported that among other social
media outlets Facebook is the predominant one utilization in Ethiopia (Sibhat, 2018). More than
four million peoples utilize Facebook in Ethiopia (Sibhat, 2018). However, social media also
provide the means for distributing abusive and aggressive content easily. Incidents of aggression
are serious and widespread issues affecting increasingly more social media users especially
Facebook in Ethiopia (Sibhat, 2018).Aggressive comment can cause anxiety and other unexpected
reactions of readers (Chen et al., 2017). Many of them believed that Facebook has a part in
intensifying and catalyzing online hate speech in Ethiopia. In Ethiopia, aggression languages are
commonly come from an unpleasant conditions such as political extremists, using social media,
especially Facebook, as a tool of communication to spread aggressive and hate content. As a result,
the rise of racism is disrupting the country's sense of belonging, resulting in diversification and
degradation. It actively facilitates hateful material debate and racial tensions between different
ethnic groups. To this concern, a political activist who wanted anonymity asserted that social
media is contributing a great deal to the extension of aggressive and hate speech in the country
(Zewdie & Wang, 2018).

Aggressive language varies greatly, ranging from simple profanity to much more severe types of
high toxic language. The more troublesome types of language are hate speech and cyber bullying
and the presence of these languages on social media platforms showed in correlation with hate

crimes in real life settings (Galery et al., 2018).



The general consensus that hates speech can be defined as a language that targets a group with the
intent to be harmful or to cause social chaos and insult targeted at an individual is commonly
known as cyber bulling. This targeting is usually done based on some characteristics such as race,

color, ethnicity, gender, sexual orientation, nationality or religion (Sahay et al., 2018).

Agagression is aggressive online behavior that uses digital media in a way that is intended to cause
harm to another individual or group (Sahay et al., 2018). It is intentional actions (Salawu et al.,
2020) performed by an individual or a group of people using digital communication like social
media such as sending messages and posting comments are some of them. Aggression can take
many forms and definitions in social media. Sometimes, the researchers expressed it as cyber
bullying or cyber aggression. This will often have the risk of being targeted or harassed via
aggressive language, which may severely impact their online experience and the community in
general. Thus, incidents of online aggressive behavior have become a major source of social

conflict, with the potential of forming criminal activity.

Furthermore, aggression in social media is targeted to a particular person or group to damage the
identity and lower their status. It is often expressed in two ways: directly expressed or hidden in
the posts (Madisetty & Desarkar, 2018). According to (Kumar et al., 2018), aggression in social
media can be broadly categorized into three groups: Overtly Aggressive (OAG), Covertly
Aggressive (CAG), and Non-aggressive (NAG). Overtly-Aggressive (OAG) refers to the texts in
which aggression is openly expressed either through the use of specific kind of lexical items or
lexical features which are considered aggressive structures. Covertly-Aggressive (CAG) refers to
texts which are an indirect attack against the user. Detecting aggression from social media is an
intriguing research topic. This is because, it is important for law enforcement agencies which have
been covering behind in terms of technology, to collaborate with the relevant people who are
currently working in the area of criminal action and solution so that they can detect the usage of
social media in spreading aggressive messages to put an end to the discrimination. Aggression also

contains hate speech (Singh et al., 2019a).



According to (Zewdie & Wang, 2018), Amharic is the second largest Semitic language in the
world after Arabic. However, it is under-resourced in that has few or no language processing tools
and resources. So, using the Amharic language for aggression detection is necessary to take action
in this serious issues that affect Internet users in this language. The growth of aggression activities
is increasing as equally as the growth of social networks (Srinandhini & Sheeba, 2015). To address
this issue researchers implement abusive language detection which is done using the Amharic
language for interests of web users and to contribute to the maintenance of the civility of the online

space in a more general sense.

In this thesis, we use a deep learning approach to detect aggression for Amharic language in
Ethiopian social media in order to address the issue and classify the aggressive text into three
classes: “Overtly Aggressive (OAG)”, “Covertly Aggressive (CAG)”, and “Non-aggressive
(NAG)”. We use Bidirectional Long Short-Term Memory (BiLSTM) as deep learning method
with word embedding (word2vec and fastText). Word embedding is a vector representation of the
sequence input that can improve classification performance including LSTM (Galery & Charitos,
2018). BILSTM is one of deep learning approach that can give an excellent performance when
used for text classification (Elnagar et al., 2020). BiLSTM is a powerful recurrent neural network
(Sharma & Patel, 2018), which alleviates the problem of gradient diffusion and explosion.
BIiLSTM has been applied in various text classification tasks, such as sentiment analysis, fake
news detection and hate speech detection on social networks with good performance (Jang et al.,
2020). It is a robust, widely-used, and high-performing classifier (Jang et al., 2020) (Elnagar et al.,
2020). It can be trained easily due to its complex structure and ability to handle vanishing gradient

phenomena.



1.2 Motivation

The motivation behind this study is the hot issues aggressive comments which are given by the
user in the Amharic language that has a direct negative effect with the social media. The Amharic
language has no tool to detect aggression and under resourced languages, social media is bringing
its negative consequences to the Ethiopian population than other developing countries (Sibhat,
2018). In fact majority of the world’s languages are still under resourced this is particularly true
for most African country languages However, the evolution of the Internet and of social media
texts, such as Twitter, YouTube and Facebook messages, has created many new opportunities for

creating such tools, but also many new challenges

Secondly, the scientific study of aggression comments from a computer science point of view is
recent, and there is a general lack of data about aggression detection. For this reason, the
development and systemization of shared resources, such as guidelines, annotated datasets in
multiple languages, and algorithms, is a crucial step in advancing the automatic detection of
aggression. In addition, many companies and institutions might be very interested in aggression
detection over their platforms. After all, they provide a service which they profit, consequently,
they assume public obligations with respect to the contents transmitted. Additionally, users can be

interested in blocking discourse with aggression to avoid being exposed to it.

Aggressive messages are prevalent and challenging in the Amharic online community as
individuals spread aggressive message hiding behind their screens. The aggressive messages have
effects of violence or hate crimes and destroys the lives of individuals, families, communities and
the country at large. Therefore, critical importance to monitor and identify instances of aggressive
messages, as soon as possible to prevent their spread on social network. Therefore, it is necessary
to conduct a research on aggression for the social media for all language to decrease the negative

psychological effect of the user.



1.3 Statement of the Problem

The emergence of social media (Mouheb et al., 2019), there has been an exponential increase in
the user-generated content being made available over the web. Nowadays, information has the
power to reach billions of people within a matter of seconds. This has resulted in good
communication and exchange of ideas anywhere at any time. However, with the lack of
knowledge, many people use this social media to transmit aggressive and potentially harmful
contents intentionally over social media, especially Facebook and Twitter (Abdhullah-Al-Mamun
& Akhter, 2019).

Agagression is harassing that happens on the internet through different mediums including on web
visits and messages. Racial and religious attacks are the most prominent form of aggression (Fauzi
& Yuniarti, 2018). This potentially harmful incidents are the source of crimes and conflicts rising
from the places the hash tag originate from, and in turn informing the police as well as warning
the community about how much undesirable results it generates. Thus the incidents of aggression
and ungratified verbal behavior have not remained a minor nuisance, but have acquired the form
of a major criminal activity that affects a large number of people, more harmful and, maybe,
uncontrollable (Si et al., 2019). The article by (Yimam et al., 2019) pointed out that the
dissemination of aggressive content endangering the democratic rights, jeopardize the long-
standing social fabrics and ultimately create political and socio-physiological destruction,
unfolding polarized political climate, ethnic violence and displacement in Amharic language.
These incidents of aggression intends to damage the social identity of the target person and lower
their status and has the ability to cause depression and sometimes even suicides by deteriorating
the victim both mentally and physically. Therefore, preventive measures is needed to cope with

aggressive text in social media for Amharic language.

Aggression in the Amharic Language content monitor in social network perform through one time
interruption of the internet service. In which, blocking public to use social media will harmful that
involves with participation in social media for the means of socializing, education and business
purpose. On the other hand, instead of blocking the sites, if measures are taken to detect aggression
through machine learning, then actions could be held against a certain sector of people rather than
the mass public. It is an open secret that the recent widespread aggressive and hate speech call for
violence particularly targets individual or group for particular purpose intentionally. As such
automatic methods to identify such behavior has become important.



All previous researches on the incident of Amharic aggression detection like Amharic hate speech
detection use word2vec word embedding which has the problem of out-of-vocabulary problems
and another challenging issue lack of efficient in representation of rare words or phrases (Verma
& Khandelwal, 2019) . Also, in the previous work spelling error and sarcastic abuse of the

language in the social media doesn’t consider.

The research issues are summarized as the following questions.
1. How to develop an aggression detection model for Amharic texts?
2. Which word embedding, FastText or word2vec is better for Amharic aggression detection?
3. To what extent the classification rate is achieved?
1.4 Objective
1.4.1 General Objective
The main objective of this research is to design an aggression detection model in social media for
Ambharic texts using deep learning.
1.4.2 Specific Objectives

To accomplish the general objective of the study, the following specific objectives are formulated.

0

» To develop the dataset using Amharic posts and comments from social media

¢+ To develop detection models using deep learning algorithms

X/
o0

To identify effective features for aggression detection model

R/
%*

To evaluate the model designed using the evaluation metrics



1.5 Scope and Limitations
1.5.1 Scope

This research is done on aggression detection for Facebook and Twitter in Amharic posts and
comments using BiLSTM method and FastText word embedding as vector space. In this research,
we focus on Amharic language texts. We use posts and comments by the users in social media and
capture in order to determine aggression level, and classify them into three classes (Overtly
aggressive, covertly aggressive and Non-aggressive). Furthermore, since the research focusing on
the text posts and comments by the social media users, the video, audio and image will not be

taken into account.

1.5.2 Limitations

This study comes across limitations on a different phase of the research process. Since there is a
lack of other studies for comparison aggression detection for the Amharic language, also lack share
public dataset and model for aggression detection. As a result, this study creates a new dataset.

The other constraint of this study is listed as follows.

» Due to the limitation of resources for the dataset annotation process of the dataset was

challenging and a lack of aggression related law experts to consult.

» The study only implemented the proposed deep learning classifier and limited to develop
and evaluate algorithms not test other ensemble methods.



1.6 Significance of the study

The main beneficiaries of this study are Amharic speaker stakeholders that use social media
platforms for their day to day activities. Another important application of the detection of cyber
aggression is the detection of cyber extremism, cybercrime and cyber hate propaganda. On the one
hand, Social media platforms benefit by taking this work results as input for developing better
aggression detection or monitoring models for the Amharic language on their platform, because
they are straggling for developing aggression detection or abusive content moderation system that
can support most language used on the platform. Also, it helps the user to be protected from
aggressive content during the time they spent on this social media platform. Additionally,
researchers can replicate the proposed research for other languages used in Ethiopia and can serve
as a baseline for related work on this issue or use the dataset to improve the research. Considering
the gravity of the consequences that cyber aggression has on its victims and its rapid spread
amongst internet users specially kids, there is an imperious need for research aiming at
understanding how cyber aggression occurs, in order to prevent it from escalating. Also
understanding specificity when it comes to types of aggression and aggressive behavior can help
with implementing appropriate countermeasures to those who demonstrate aggressive behavior

with in their speech and behavior on social media platform.

1.7 Organization of the Thesis

The remaining parts of this thesis are organized as follows. Chapter Two presents a literature
review and related work on aggression detection. Chapter three presents explain a details
description of the architectural design and components, and network model of the proposed
system. Chapter Four presents the experimental results and corresponding interpretation of the
proposed system. Finally, chapter Five concludes the thesis with the research contributions and

future works.



CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

Due to the numerous victims of aggression and the fatal consequences it causes, today there is a
need to study this phenomenon in terms of its detection and prevention. The consequences of
aggression are worrisome when victims cannot cope with the emotional stress of abusive,
threatening, humiliating, and hate messages. Presently there are several types of research to avoid
or reduce online violence; even so, it is necessary to develop more precise techniques or online
tools to support the victims on different languages. The problem is more for the language which

have very few computational linguistic resources like Amharic language.

2.2 Amharic language

Ambharic is the second most widely spoken Semitic language next to the Arabic language and spoken
around a 27 million estimated population (Emuye & Tesfa, 2020). Despite the relatively large number
of speakers, Amharic is still a language for which very few computational linguistic resources have

been developed for the language (Zewdie & Wang, 2018), (Kenenisa & Melak, 2019)

2.2.1 The Amharic Character Representation

Ambharic utilizes Geez characters; the characters trace back to 4th century A.D. The first forms of
the Geez script included only consonants, while the subsequent variants of the characters represent
phoneme pairs of consonant-vowel. Like Geez, Amharic writing uses characters formed by a

consonant-vowel combination. In Amharic, seven vowels are used, each in seven distinct forms
that reflect the seven vowel soundstheyare A * & A, T A T & T A T A There are 33 basic characters

with seven forms representing a consonant and a vowel at the same time, which makes the Amharic

script pronounced in the syllable.



Table 2.1 Amharic Characters Alphabet Example

ale u i a e ale 0

2.2.2 Challenge in an Amharic Writing Scheme

Ambharic writing scheme has some issues that are difficult to process Amharic text. One of these
challenges is the redundancy of characters used in Amharic, more than one character to represent
the same sound. The various forms have their meaning in Ge’ez, but there is no clear rule that
shows their purpose in Amharic (Worku, 2013). The problem of the same sound with various

characters is not only observed with core characters but also exhibited in the same order of

characters. Those are, U and Y; h and A; 7and 7; A and A. A word formed by using this character

has the same meaning. For example, the word ‘sun’ could be written in a different way like AU2,

BuUL, RYL, 898, AhE, 6hE, 6-+HE, 6178,

Table 2. 2 Amharic Characters with the Same Sound

Characters Other forms of | Other
characters

U (he) A and Yihi

W (se) N

A (a) 0 Kig

A (tse) 0
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2.3 Verbal Aggression

Verbal aggression is a fairly broad term with many definitions, but there is no clear definition of what
aggression is and what is not (Potapova & Gordeev, 2016). For this reason, many researchers study
expression of aggression both on all levels nowadays. In this thesis, we adopt the definition of verbal
aggression based on the work of (Tommasel et al., 2018) and (Kumar et al., 2018). Verbal aggression
is any kind of linguistic behavior which intends to damage the social identity of the target person and
lower their status and prestige (Kumar et al., 2018). Verbal aggression could be understood as
intentional harm delivered via internet to a person or a group of people who perceive such acts as
offensive, derogatory, harmful, or unwanted involving rude, insulting, offensive, teasing or
demoralizing comments through on line social media that target educational qualifications, gender,
family or personal habits to attack the self-concepts of other people instead of, or in addition to,
their positions on topics of communication (Tommasel et al., 2018) . Aggression also include hate
speech and offensive texts (Haddad et al., 2020). Verbal aggression could be classified into two basic
types based on how it is expressed i.e. overt aggression and covert aggression (Kumar et al., 2018).
While these incidents are still isolated and do not represent the norm, their gravity demand deeper
understanding. Additionally, cyber aggressive comments make their targets feel demoralized and

frustrated, thus acting as a barrier for participation and socialization.

2.4 Offensive Speech

Offensive speech can be defined as a language or expression that offends and negatively
characterizes an individual or group of people. This kind of speech causes someone to feel upset,
annoyed, insulating, angry, hurt, and disgusting. The difference between hate speech and offensive
language is often based upon understated linguistic distinctions (Mouheb et al., 2019). Offensive
speech occurs when there is a low degree of hate speech characterizations occurs. The speech may
contain a target but do not direct incite violence, attack or diminish based on the target group
characters because people often use offensive language to make a point in the debate, on heated
conversation, and condemn another violent act performed by other people. Any speech that
contains a sarcastic, mocking, and joke that offend can be considered offensive if it conducts using
language that contains high negative, abusive, dirty words or phrases in both oral and text.
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2.5 Hate Speech on Social Media

Social media technology makes people able to express their opinion, including hate speech,
quickly, then spread widely and become viral if the topics covered are interesting with different
people from every race, religion, and nationality. Social media sites such as Twitter and Facebook
have connected billions of people and allowed them to share their ideas and opinions instantly.
That being said, there are several hostile consequences as well such as online harassment, trolling,
and hate speech (Chetty & Alathur, 2018). Hate speech is any communicative acts that used to
express hatred towards a person or a group based on some characteristic such as race, ethnicity,
gender, sexual orientation, nationality, religion, or other characteristics (Fauzi & Yuniarti, 2018).
These online platforms are often exploited and misused to spread content that can attacks or
diminishes, that incites violence or hate against groups or individuals. The anonymity and mobility
of social media platform features for security and privacy, enable their users to hide their true

identity behind the screen and express or spread hateful content than they might otherwise.

2.6 Verbal Aggression in Social media

Aggressive speech threatens the peaceful social life, the long-lasting unity of people and even may
lead to a massive massacre between ethnic as well as religious groups if not managed by regulation.
Therefore the need for a regulation to govern hate speech in Ethiopia is very critical and timely
(Dibaba, 2019). However, the criminal law is criticized as being poorly drafted with profound
implications for human rights in general and freedom of expression as well as the right to privacy
in particular. Criminal law is also blamed for confusing social media with the conventional media
and how can control this hate speech. It also fails to impose clear criminal responsibility on hatred
social media users and many other vague and confusing even unseen scenarios that should

seriously be considered (Abraha, 2019). So the work is important to control these type of incidents.

Evaluating past research on cyber aggression detection through deep learning and other related
research will give a better understanding of the best approach for this study. This section presents
a comprehensive review of basic related works to the area of automatic aggression detection on
social media to clearly understand the general technique, method, and result of existing studies.
Cyber aggression detection has captured the interest of researchers in the last years due to its

proliferation across social media and its harmful effect on people (Singh et al., 2019a) .
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There have been several studies on computational methods to detect aggressive language
disseminated on social media in the last few years. Different studies fight against aggression by
supporting the classification of situations, topics, or types of it with different angles, considering
the various causes leading to it, and taking into account its various forms of manifestation. The
study (Gordeev, 2016) aimed at learning ways of automatic detection of verbal aggression for the
most popular American (4chan.org) and Russian (2ch.hk) image boards. The study material
consists of 1,802,789 messages. The machine learning algorithm word2vec was applied to detect
the state of aggression. A decent result is obtained for English (88%) and 59% for the Russian to
classify the message an aggressive or not aggressive. Other authors, covers implementations of
various models. According to the results, they select three classifiers: K-Nearest Neighbors
(KNN), SVM, and SGD Logistic Regression which have good performance worthy enough for
further experiments to classify aggression into aggressive and unaggressive and they got 0.84 F-

Score.

Likewise, in Spanish-language,(Gutiérrez-Esparza et al., 2019) proposed a model to classify cyber-
aggression cases applying machine Learning and detect offensive comments on social media, in
order to intervene by filtering. They applied Random Forest, Variable Importance Measures
(VIMs), and OneR to support the classification of offensive comments in three particular cases of
cyber-aggression: racism, violence based on sexual orientation, and violence against women and
got 90% accuracy. Also, (Sharma & Patel, 2018) worked on the research for toxic comment
classification using neural networks and machine learning. They classify the level of toxicity into
6 labels: toxicity, severe toxicity, obscenity, threat, insult or identity hate with CNN and RNN.

They got accurate and promising results using LSTM with word embedding 98.77% accuracy.

13



In 2018 on the Aggressive detection track of Authorship and Aggressiveness Analysis on Twitter,
(Enrigue Mufiiz Cuza et al., 2018) focuses on the detection of aggressive comments in tweets that
come from Mexican users to determine whether a tweet is aggressive or not. Their approach is an
Attention-based Long Short-Term Memory Network Recurrent Neural Network where the
attention layer helps to calculate the contribution of each word towards targeted aggressive classes.
In particular, they build a Bidirectional LSTM to extract information from the word embedding
over the sentence, then apply attention over the hidden states to estimate the importance of each
word and finally feed this context vector to another LSTM model to estimate whether the tweet is

aggressive or not. The experimental results show that their model achieves outstanding results.

Also,(Julian & Ralf, 2018) proposed a deep learning-based with ensemble based system to classify
an aggression of input post(comment) into one of three classes, namely, Overtly Aggressive,
Covertly Aggressive, and Non-aggressive. Their approach uses three deep learning methods,
namely, Convolutional Neural Networks (CNN) with five layers (input, convolution, pooling,
hidden, and output), Long Short Term Memory networks (LSTM), and Bi-directional Long Short
Term Memory networks (Bi-LSTM). A majority voting based ensemble method is used to
combine these classifiers (CNN, LSTM, and Bi-LSTM).They trained the method on Facebook
comments dataset and tested on Facebook comments (in-domain) and other social media posts

(cross-domain). Their system achieves the F-score (weighted) of 0.604 for Facebook comments.

Recently, (Sazany & Budi, 2018) identified abusive and offensive language using deep learning
approach, Long Short-Term Memory (LSTM) with word embedding. The experiment result shows
that LSTM with word embedding can increase the F1-Score from the previous work until 19.44%,
from 70.06% to 83.68% for Indonesian language. Aggression detection model (Singh et al., 2019b)
designed to classify the aggression to one of the three predefined categories: “Overtly Aggressive”,
“Covertly Aggressive” and “Non-Aggressive” using deep neural networks from Facebook
post/comment for Hindi-English Code-Mixed text. They wanted to use the dataset for
experimenting with different approaches to make the most top-level classification of aggression
on social media. They experimented with 6 classification models and their CNN model on a 10 K-
fold cross validation gave the best result with the prediction accuracy of 73.2% and performed

comparably to the state-of-the-art algorithms of the time including emoji image with text.
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Some researches on the incident of aggression like hate speech detection has been done with aid
of machine learning approach. However, all works in Amharic does not consider the problem of
spelling error and sarcastic abuse of the language in the social media. Until now, most of the
research has focused on resource rich languages like English while resource-poor languages could
not gain the attention of the researchers because of the lack of language resources like annotated
datasets. With the advent in the algorithms in the fields of Machine Learning and Al, the
researchers are equipped with the right set of computational methods, which can be used to detect
and report aggressive contents in Social Media Networks. Detection of aggression is
predominantly a classification problem. To solve this we need good data sets which are labeled
(Kumar et al., 2018).

Ambharic Hate speech (Zewdie & Wang, 2018) explored hate speech detection for the Amharic
language in social media and the classification of hates into two categories (hate and not hate)
using machine learning approach. Authors use Random forest and Naive Bayes by means of
Word2Vec and TF-IDF feature selection. To train the model, they used comments with hate speech
words from Facebook. The best classification performance was achieved by Word2Vec with

79.83% accuracy using Naive Bayes.

The recent thesis study from (Kenenisa & Melak, 2019) also did great effort in classifying texts
written in Amharic, focusing on hate contents. The label was made into three, i.e. Hate, Offensive
and Neither. Using combination of n-gram features, word2vec and two classical machine learning
classifier i.e. Support Vector Machine, and Random Forest Decision Tree, the system reached

75.39 % accuracy with RF classifier.

Also (Emuye & Tesfa, 2020) proposed a deep learning-based with BiLSTM based model to
classify Ambharic hate speech of input post(comment) into one of four classes, namely, Hate,
Offensive, both Hate and Offensive and Neutral. Their approach uses four deep learning methods,
namely, BILSTM, CNN-LSTM, LSTM and GRU. They trained the method on Facebook and
Twitter comments dataset. Their system achieves the F-score (weighted) of 0.89 with BiLSTM

using word2vec word embedding.
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2.7 Methods for Detecting Aggression

In the wider field of natural language processing, the identification of aggressive content can be
considered as a classification issue. So basically the process of detecting the aggression can be
approached in two different ways, one is rule based classification and the other one is a deep

learning based classification algorithms.

2.7.1 Rule Based Approaches

In rule based process the classification is done based on some handcrafted linguistic rule. This
approach is also known as the lexical approach. There are a considerable amount of works have
been done in the classification of aggression a rule based approach including (Chen et al., 2017)
which proposed to rephrase profanity in Chinese text. The authors have framed 29 rephrasing rules.
In rule based systems, one needs to prepare a set of list of words. Lexicon-based features could
also be included, such as lists of hate or aggressive words. Then on receiving a new document, it
can be classified as the type from which the document has the maximum number of words. The
advantage of this process is, it is comprehensible and can be improved over time. But the major
disadvantage with this approach is, it lacks speed and scalability is always an issue. In the era of
social media networks, where the data received are characterized by the properties of big data, if
an approach cannot provide speed and scalability, the approach becomes one of those which are

preferred least.

2.7.2 Deep Learning Used in Aggression Detection

Deep learning techniques have made impressive advances in many fields. Following this trend, recent
NLP research is now increasingly focusing on applying deep learning architectures based on dense
word vector representations like word2vec and fastText. In particular, LSTM and its various models
are one of the main stream architectures for aggression detection since they can handle sequences of

any length and capture long-term dependencies (Nikhil et al., 2018) .
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2.7.2.1 Convolutional Neural Networks (CNN)

Convolution Neural Networks (CNNs) are special neural network models that are built to find
relationships and patterns between data items according to their relative position. It was mainly used
for classifying imagery data. However, CNNs have been achieving excellent results in various NLP
tasks also. CNN is useful for extracting and classifying features because it can pass values to the next
layer without losing spatial information. These features of CNN are suitable for utilizing spatial
information such as the semantic similarity between words in a sentence (Nikhil et al., 2018). CNN
consists of input, multiple hidden, and output layers. Different authors achieved the best results using
a convolutional neural network with fastText or word2vec word embedding (Potapova & Gordeev,
2016), (Galery & Charitos, 2018). Galery & Charitos, (2018) identified abusive language in the English
portion of the corpus as their initial survey found code-switching between Hindi and English. To
address this code switching, they used fastText embedding for both languages and a SVD
transformation of these two sets of embedding are to generate multilingual embedding’s using sub-
word units. There are two channels in CNN architecture: static and non-static. In a static channel, the
word vectors are static and are not changed whereas in the non-static channel, the word vectors are
tuned according to the task. Word vectors are low dimensional dense representations of one hot vectors.
These word vectors or word embedding can be treated as universal feature extractors i.e., they can be

applied to any task and achieve comparable performance.
2.7.2.2 Long Short Term Memory networks (LSTM)

Recurrent Neural Networks (RNNSs) is a type of deep neural network designed for sequence modeling.
LSTM is one type of RNN. These kinds of models are greatly studied due to their flexibility in
capturing nonlinear relationships. However, traditional RNNs suffer from problems known as
exploding or vanishing gradients and, therefore, have difficulty in capturing long-term dependencies.
Long Short-Term Memory networks (LSTM) are one of the most used in Natural Language Processing
(NLP) to overcome this limitation. They are able to learn the dependencies in lengths of considerably
large chains. Previous works demonstrate that LSTMs have achieved remarkable performance in
natural language processing tasks. This structure is naturally suited for many NLP tasks; hence,
LSTMs have become increasingly popular for NLP applications in recent years. Many research studies

use LSTMs to extract sentiment information from text data.
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In conventional neural networks, we assume that all inputs are independent of each other. However,
this assumption may not be valid for several problems where the input is inherently sequential, or there
are explicit dependencies between the input segments. For example, to predict a next word in a
sentence, it is better to know the previous words in the sentence. Recurrent Neural Networks (RNN)
can predict the next word in the sentence based on the previous words which come before it. RNNs
work well if the context is short. If the context is long RNNs may not work properly because they
cannot remember the long dependencies and also because of vanishing gradient problem. To overcome
the drawbacks of RNNs, Long Short Term Memory networks (LSTM) were introduced. These are
special kind of RNNs which are capable of learning long-term dependencies and long contexts. LSTMs
have the capability to add or remove the information to the cell state Ct with the help of structured
gates. The first component of LSTM is forget gate. The function of forget gate is to decide which
information to remember and which information to forget. Sigmoid activation function is used in this

layer.
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2.7.2.3 Bi-directional Long Short Term Memory networks (Bi-LSTM)

Bi-directional Long Short Term Memory networks (Bi-LSTM) use two LSTMs instead of one LSTM
for training. The first LSTM is applied on the normal sentence and the second LSTM is applied on the
reversed copy of the given input sentence. This can provide faster learning and additional context for

better training.
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Figure 2.1 Bi-directional Long Short Term Memory architecture (Kulshrestha et al., 2020)

2.7.2.4 Bi-directional Gated Recurrent Unit (Bi-GRU)

The idea of BiGRU is to split the regular GRU neurons into a forward state and a backward state.
Based on the co-occurrence information with seed sentiment words, we could enlarge the original seed
words iteratively. Besides, BIGRU connects two hidden layers with opposite transmission directions
to the same output layer, so that the output layer obtains information both from past and future states.
Therefore, the BiGRU is able to learn the information from two different directions, and make more

accurate analysis of the e-commerce product quality reviews based on clause-rules recognition rules
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2.7.2.5 Attention-based LSTM Networks

A recent trend in deep learning has emerged in attention mechanisms. Attention has resulted in a lot of
successes in various NLP tasks because it can be viewed as a method for making neural networks learn
better by letting the network know where to look as it is performing its tasks (Nikhil,, Pahwa, Nirala,
& Khilnani, August 25, 2018). They deploy an LSTM model with an attention unit over it. In this

regard, attention-based LSTM models have achieved exciting advancements.
2.7.2.6 Ensemble Classifier

There are different ensemble methods such as bootstrap aggregating (bagging), boosting, stacking,
simple averaging, majority voting, etc. to combine the classifiers. In bagging ensemble method, each
classifier is trained on random sub samples which are drawn from the original dataset using the
bootstrap sampling method. In boosting, each classifier is trained on the same samples but the weights
of the instances are adjusted according to the error of the last prediction. In stacking, the classifiers are
combined using another machine learning algorithm. In simple averaging, the predictions of classifiers
are averaged to get the final predictions. Finally, in the majority voting ensemble method, for each test
instance, the final prediction is the one, which is predicted by the majority of classifiers. Generally, the
performance of the ensemble method is often better than the performance of individual methods in the

ensemble.

2.8Word Embedding Used in Aggression Detection

Word embedding is a numerical vector representation of each word in a text as a dense vector of
typically a few hundred dimensions, such that when projected onto a vector space, words with
similar meanings have similar vector representations and closer together while words with
different meanings are more far apart. These vector representations of words can be trained on a
large amount of unlabeled data and achieved by learning the vector representation of a word
through the context in which it appears. Word vectors used as initializations for the word vectors
of deep learning models with such semantic relationships that can improve many existing NLP
applications (Mikolov et al., 2013). Currently, Word2Vec, Glove and FastText are the most widely

used tools for learning word embedding.
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2.8.1 Word2vec

Word2vec is a method for learning the meaning of words by representing them in vector space.
Word2vec uses a two layered neural network to learn vector representations of words. It looks at
neighboring words to determine which words are similar. Word2vec is an unsupervised algorithm
that allows finding semantic relations and distances between words without any annotation or other
data preprocessing. It is a predictive embedding model. Nowadays this method is considered to be

the best for determining semantic relations between words.

Two main Word2vec architectures that are used to produce a distributed representation of words
(continuous bag of words (CBOW) and continuous skip gram ). Continuous bag of words
(CBOW) — the order of context words does not influence prediction (bag-of-words assumption).
In the continuous skip-gram architecture, the model uses the current word to predict the
surrounding window of context words. Continuous skip-gram weighs nearby context words more
heavily than more distant context words. While order still is not captured each of the context
vectors are weighed and compared independently to find word representations that are useful for

predicting the surrounding words in a sentence or a document (Bojanowski et al., 2017).
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Figure 2.2 Model architecture of (A) CBOW and (B) Skip-gram (Mikolov et al.,
2013)
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2.8.2 Glove

Both CBOW and Skip-Grams are “predictive” models, in that they only take local contexts into
account. Word2Vec does not take advantage of global context. Glove embedding by contrast
leverage the same intuition behind the co-occurring matrix used distributional embedding, but uses
neural methods to decompose the co-occurrence matrix into more expressive and dense word
vectors. While Glove vectors are faster to train, neither Glove nor Word2Vec has been shown to
provide definitively better results rather they should both be evaluated for a given dataset. In

contrast both Word2vec and Glove leave unseen words as out-of-vocabulary words.

2.8.3 FastText

Facebook released an embedding model that recently attracted a great deal from the machine
learning community especially for morphologically rich languages called FastText in 2016. The
main goal of the FastText embedding is to take into account the internal structure of words while
learning word representations; this is especially useful for morphologically rich languages like
Ambharic, where otherwise the representations for different morphological forms of words would
be learnt independently. The semantic and syntactic information of words that are contained in
these vectors make them powerful features for NLP tasks. One issue FastText criticized is its
memory consumption to construct character n-gram level, it takes longer to generate FastText
embedding compared to word2vec model. However, word2vec and Glove treats each word in
corpus like an atomic entity and generates a vector for each word. In contrast, FastText treats each
word as composed of character n-grams. So the vector for a word is made of the sum of these
characters n grams. With this manifest it benefits to generate better word embedding’s for rare
words. Moreover, FastText predict vector for out of vocabulary words from its character n-grams
even if the word doesn't appear in the training corpus. So, with this intuition, we proposed to use

FastText as a word vector generating model for this work.
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As it is an extension to the Word2Vec model, FastText also has two architectures for computing
word representations called Skip-gram and CBOW (continuous-bag-of-words). The Skip-gram
model learns to predict a target word given a nearby word. On the other hand, the CBOW model
predicts the target word according to its context. The key difference between FastText and
Word2Vec is the use of n-grams. Word2Vec learns vectors only for complete words found in the
training corpus. FastText, on the other hand, learns vectors for the n-grams that are found within
each word, as well as each complete word. For morphologically rich languages like Amharic
treating each variety of words as n-grams is an effective approach and it is summarized as table
2.3.
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Table 2.3 Summary of related work in aggression detection research

Authors | Year | Title Method Classification | Result Limitation
Emuye | 2020 | Amharic text hate BILSTM, Hate, 0.89 -Not good for
& Tesfa speech detection in CNN-LSTM, | Offensive, F-score infrequent word
social media using LSTM, GRU | both Hate with and spelling error
deep learning and BiLSTM | -Out-of-
approach Offensive Vocabulary
and Neutral problem
Zewdie | 2018 | Hate speech RF and NB Hate and not | 79.83% -Not good for
& Wang detection for by means of | hate Accuracy | infrequent word
Amharic language in | Word2Vec with RF and spelling error
social media and TF-IDF using -Out-of-
word2vec | Vocabulary
problem
Kenenis | 2019 | Hate speech SVM and RF | Hate, 75.39 % -Not good for
a& detection for with Offensive accuracy | infrequent word
Melak Amharic language word2vec and Neither | with RF and spelling error
on social media classifier | -Out-of-
using machine Vocabulary
learning techniques problem
Sharma | 2018 | Toxic comment CNN and toxicity, 98.77% -Not good for
& Patel classification using | LSTM severe Accuracy | infrequent word
neural networks and | with toxicity, With and spelling error
machine learning word2vec obscenity, LSTM -Out-of-
threat, insult Vocabulary
or identity problem
hate
Julian & | 2018 | Aggression LSTM,CNN, | Overtly 0.604 -Not good for
Ralf identification using | BIiLSTM and | Aggressive, F-score infrequent word
deep learning and ensemble Covertly and spelling error
data augmentation method Aggressive -Out-of-
with and Non- Vocabulary
word2vec Aggressive problem
Singh et | 2019 | Aggression CNN,LSTM, | Overtly 73.2% -Not good for
al., detection on social SVM, MLP, | Aggressive, accuracy infrequent word
media text using Decision Covertly with and spelling error
deep neural Tree Aggressive CNN -Out-of-
networks with and Non- Vocabulary
word2vec Aggressive problem
Sazany | 2018 | Identify abusive and | LSTM with Not abusive, | 0.8368 -One direction
& Budi offensive language FastText abusive but F-score only

in Indonesian
Twitter

not offensive
and offensive
language
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CHAPTER THREE
METHODOLOGY

3.1 Introduction

This chapter explains a research methodology to build a dataset, design and implementation of
Ambharic aggression detection to achieve research objectives and answer the research question.
The first step is collecting and preprocessing the dataset. Second is transforming the texts into
vectors that are comprehensible by the deep learning algorithms. Third is building the prediction
model that is a deep learning model. Finally, is the evaluation of the model in detecting aggressive
texts? The following section in this chapter explains and justifies the methodology used in

conducting the study on aggression detection for Amharic languages.

3.2 Dataset building
3.2.1 DATA COLLECTION

To classify the aggression level across Facebook and Twitter for Amharic language users, we have
built a corpus of users’ comments and replies in different groups or pages retrieved from social
media public pages of Ethiopian Broadcasting pages, Political Party, Politician and Government
Office Official Pages, activist, Religious Media and Religious Group Pages, Bloggers and
Journalists pages and groups. In order to collect the post and comments, a list of the Facebook and
Twitter public pages is gathered based on the content this page disseminates to the public view to
have a diverse source of pages and have a representative dataset such as Fana broadcasting
corporation, Amhara mass media agency, ESAT tv, EBS tv, Fana tv, OMN tv, Mereja.com, Abbay
media, Berera newspaper, Dire Tube, VOA Amharic, ASRAT tv, Asrat mediahouse, Abbay media,
Wolkayt Tegedie Amhara Revolution,Yehabesha.com, EPRDF Official, Amhara Democratic
Party /ADP/ CC , FDRE Communication Affairs Office Ethiopia, Amhara Press, Bete Amhara,

Amhara Media Service, Tamagne Beyen, Pm Abiy Ahmed-daily news, Jawar Mohamed page,
Eskinder Nega pages, U5 &1U NAT&R P(higina fitihi be’Ttiyep’Tya), PATIE DMFF TUNC
N1 2C(ye’amara wet’atochi mahiberi begonideri), Mahiberekidusan page, A4 N d-® 195E
National Movement of Amhara , Soccer Ethiopia ET , Minister of Transport, FDRE Et , Tigrai
tv, Gamo media group, social pages collected from February 2020 to July 2020. These pages

typically post discussions on political, social, economic, religious, and environmental topics and

issues.
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Table 3.1 Summary of social media account lists in the dataset

Social media account

Number of data in the
dataset

ESAT tv 400
EBS tv 420
Fana tv 400
OMN tv 400
Mereja.com 275
Abbay media 350
Berera newspaper 430
Dire Tube 215
VOA Amharic 225
ASRAT tv 200
Asrat mediahouse 200
Wolkayt Tegedie Amhara Revolution 245
Yehabesha.com 300
EPRDF Official 300
Ambhara Democratic Party /ADP/ CC 260
FDRE Communication Affairs Office Ethiopia 300
Ambhara Press 400
Bete Amhara 400
Amhara Media Service 400
Tamagne Beyen 270
Pm Abiy Ahmed-daily news 220
Jawar Mohamed page 340
Eskinder Nega pages 420
U9 &FU NATRAL 330
PAIY. DMETF TUNC N1YEC 300
Mahiberekidusan page 360
Tigrai tv 270
Gamo media group 250
PR Nwd-P 195$ National Movement of Amhara 300
Ambhara Mass Media Agency 500
Soccer Ethiopia ET 220
Minister of Transport, FDRE Et 100
Total 10000
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We used Facebook and Twitter comments for this study for the following reasons:

1. Facebook and Twitter is used by different users to express their opinions about different
posts which can be a valuable source to estimate the opinions of people.

2. The number of users is increasing day by day and diversity of opinions is also increasing.

3. Facebook and Twitter provides different ways to create a page, group or community which

may include education, political, business and others.

There are several sampling metrics or criteria that can be used to select these pages or a user on a
social media platform. This study considered the following sampling criteria and metrics used for

selecting a public page from the categories:

» Active public pages included in categories which uses Amharic language frequently

» The page that posts news or hot issues on politics, ethnicity, religion, or gender daily.

» The page that uses the Amharic language most frequently for posts and comments. By
doing so, authors could capture both casual conversations and politically aggressive posts

and comments
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3.2.2 Dataset Preparation

After the data collected, a preparation process follows, which are collecting, cleaning, filtering,
and consolidating data into one file or data table. This process used preparation tools such as MS
Excel and others. Filtering and Cleaning the data primarily use for the next stage, which is the
annotation of the post and comments in the dataset and then after used for designing a training
model for Amharic aggression detection. The following tasks performed to prepare the dataset for

annotation:

Removing all non-Amharic texts

Removing non-textual posts and comments.

Removing numbers, all null, blank value, and whitespace.
Normalizing Amharic texts

Replacing Amharic abbreviation by its long forms

YV V. V V V V

Removing stop words and

» Removing duplication to ensure the uniqueness of each text in a dataset.

The details of the annotation procedure is in (Kumar et al., 2018). The dataset consists of posts
collected from public page in Facebook and Twitter. The posts and comments are related to entities
(organizations, individuals or issues) in Amharic text. After filtering and manually annotating, a
benchmark corpus of 10,000 comments was created. Comments were assigned into three classes
each representing a certain category of antisocial behavior as shown in Table 3.1. The data set size
is imbalanced, given no such study to detect and to classify antisocial behavior into separate classes
has been previously conducted. Three mark tagsets are generated in the dataset, namely: covertly
aggressive, overtly aggressive and non-aggressive. Each post is annotated with one of these
tagsets. The dataset consists of, 80% training, 10% validation, 10% test set. On the dataset set, the
number of examples per class is unbalanced. The overtly aggressive class is approximately 40.01%
of the training examples; covertly aggressive class is approximately 14.16% of the training

examples and non-aggressive aggressive class is approximately 45.83% of the dataset.
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3.2.3 Data Annotation

Annotation is a procedure for adding information to the collected data or document at some level.
In this case, the annotation process needs to label a post or comment for building aggression
datasets. The study uses a simple random sampling technique to select posts and comments to be
annotated. The technique allows all the filtered posts and comments on each page to get an equal
chance to be annotated. The annotation conducted based on the instruction guideline provided by

the researcher. The labeling conducted by three annotators.

Table 3.2 aggression showing the three categories

Class Label Number of comments
Non-aggressive (NAG) 0 4583
Covertly aggressive (CAG) 1 1416
Overtly aggressive (OAG) 2 4001

To make the annotation process clear, the instruction or a guideline was prepared and listed for
three classes in Appendix D. The instruction is based on the definition of aggressive comment
based on Amharic language expert. Using this guideline, the Amharic language experts label each
post and comment to three different class ‘Non-aggressive (NAG)’, ‘Covertly aggressive (CAG),’
‘Overtly aggressive (CAG)’ text data.

29



The dataset annotation process done by the Amharic language expert. The number of annotators
limited because of a lack of resources, mainly budget and time need for more annotators to
participate in the process. The annotators were selected based on their willingness to perform the
task and Amharic language skills. All the annotators are postgraduate in Amharic language. The
annotators were instructed to annotate a random subset of an equal number of posts and comments
from the dataset. The three annotators instructed to annotate the same number of equal instances
of posts and comments to measure the inter-rater agreement using SPSS, which shows kappa
agreement level (Viera & Garrett, 2005) their annotation decisions match. Due to the challenging
nature of the manual annotation process of aggression datasets, the annotators were allowed to
annotate in their own time freely. However, in order for the annotation task to be easier, the
researcher gives brief insights into the annotation guidelines provided for labeling posts and

comment into three different classes, as defined in Table 3.1.

We extracted several thousand comments from public pages in Social media using
exportcomments.com for the raters to label. For the”Non-aggressive”,”covertly aggressive” and
“Overtly aggressive”, the Kappa value for agreement is 0.91, thus showing that annotators can
achieve arelatively high agreement for this task. Kappa agreement < 0 less than chance agreement,
0.01-0.20 Slight agreement, 0.21- 0.40 Fair agreement, 0.41-0.60 Moderate agreement, 0.61-0.80
Substantial agreement, 0.81-0.99, almost perfect agreement and chance agreement would equate
to 0 (Viera & Garrett, 2005). In view of the fact that most of the comments were annotated by
more than one annotator, we also measured the kappa inter-annotator agreement metric, which
calculates the degree of agreement between the various annotators on a job. In this case,
considering all comments that received annotations from the three annotators and obtain from
SPSS to be used for this work.
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Table 3.3 Example of aggression showing the three categories

Text Category
LUT NRA NLLT AT@LMIPT® ATHEHEF CAG
PUAT HPFF 6N NH AC PMéAN! AT8T NAD CAG
N2 6 1PAT MY ANLETFD NALNTO- LCHD DM ATE, OAG
+PMa $ARMD- CAG
7ANT @9N17Y 10 CAG
e T OAG
ML A &P PENT PA AL PAHTA CAG
MUNE $8NT P42 ARG MAFTF P+R4E P7ALh &CEF apPr apyHA | OAG
£ 10>

ANC ANYC NYLANTF UIC ATEK P NAG
ATt AUP HI® NAU +a81 ©000 CAG
AThe OAG
At AN ALY 2919° @97 A1 26 1o CAG
@-AD- N1E BN a°m CAG

3.2.4 Amharic Text Preprocessing

This subcomponent performs preprocessing of Amharic post and comment for the training and
testing detection model. This preprocessing is performed based on the Amharic language and basic

text preprocess techniques such as removing (cleaning) punctuations and special characters),

normalization, removing stop words and tokenization automatically.

Stop words are common words, which are a portion of natural language that do not add meaning
to text documents but make the text appear heavier. Since they do not add meaning, stop words

can be easily removed without affecting the analysis process. Their removal reduces the number

of features to be considered and as such can improve the performance of a classifier.
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3.2.4.1Tokenization

Splitting the input text yields the parts used to calculate features. The introduced general pipeline
to extract NLP features uses words as atomic units and groups those into sentences. Thereby
tokenization must divide the text into words, sentences and in some cases into larger utterances
like paragraphs. Since the separation into paragraphs is not required for the short texts analyzed
during this study it is not described in detail. Additionally, paragraphs depend heavily on the used
convention, e.g. two-line feeds as separator. Those conventions lack of ambiguity and are

consequently easy to separate.
3.2.4.2 Data cleaning

One crucial part of all practical machine learning tasks is data quality. Typical real-world data has
a low quality due to missing measurements, faulty measurements or simple inaccurate
measurements. These errors introduce unwanted noise. Therefore, data cleansing is required to
improve the quality and boost the outcome. Textual data is no exception to this general rule. In
addition to data specific cleaning steps textual data faces commonly a problem with
dimensionality. Two properties of text contribute to this problem. On one side some words occur
frequently in almost any text without adding information on the other side some words are so
unique that they do not occur in other texts. Both aspects lead to a larger vocabulary and
consequently to more dimensions in the initial BowW model. Therefore the curse of dimensionality

is supplementary handled by removing and generalizing specific tokens.
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3.2.4.3 Token removal

Removing irrelevant or redundant features is frequently used for most ML methods. At this point,
tokens are the most basic features of text. Consequently, irrelevant tokens are removed before
more complex features are calculated. The removal of tokens depends on the actual task and is

thereby a domain specific task. The three token types listed below are commonly removed.

Stop words -not all words contribute the same amount of meaning, therefore words not
contributing to the requested meaning can be ignored. In this thesis, we prepared stopwords lists

manually from our corpus manually. Stop words are identified through assembled corpus and are

entirely removed using python codes. Typical stop word corpora contain words like "<17%", "71@-",

"1y", "S-, and “INC".

Numbers -the meaning of a number depends on the context and format of it. This makes a number
particular difficult to interpret. For instance, numbers might be nominal or numerical and different
units can measure the same property as meter and centimeter. This required knowledge is difficult
to acquire and numbers cannot be represented in the same way words are encoded, therefore
numbers are predominantly ignored or replaced with one special token for all numbers. Some

specific methods introduce additional hand-crafted rules for numbers.

Special Characters -apart from punctuation marks many texts use other special characters as
well. Commas, parenthesis, bullet points, etc. are used to structure a text. Logically those structure
elements do not carry any meaning if the structure is disregarded. Nevertheless, certain texts assign
some meaning to certain sequences of special characters. The most prevalent case is text emoticons

and non-Amharic characters.
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Punctuation Marks Removal- The Amharic writing system uses the same punctuation marks,
however, only a few of them are practically used, especially in computer-written text. The word-
separator (HuletNetib), two square dots arranged like colon (:), and sentence-separator (aratnetib),
four square dots arranged in a square pattern (::), in a writing system that are used consistently.
This day, the use of HuletNetib is not seen in modern typesetting. In typesetting its place is almost

completely taken over by space. Lists in text are separated by an equivalent of comma, netelaserez
(?) followed by ASCII space and deribsereze (%), which is the equivalent of the semi-colon. The

question mark (?) is used. Therefore in this study punctuation marks are removed to prepare
collected data for the indexing process. This is because the same word that is attached to a

punctuation mark and that is not attached to a punctuation mark is considered as different words.
3.2.4.4 Normalization of Amharic words

Ambharic writing system contains characters or symbols, which have the same sound during
reading. For example, in the case of Amharic the characters “U, A, "7, A and "P” produces the same
sound during reading with characters “Y, A, 7, A and % respectively. On the other hand, some
alphabets share the same sound, such as, “U, s, and 77, “A and W, “A and &, “T and & and “&
and 6”. As a result, words which have the same meaning may have different spelling structure.
For example, the Amharic words “8Ah2” can be written in a different way such as, “6UL” and

“aUL”. In this thesis, such kinds of problems will be solved by changing the characters and the

word to their common standard form.
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Pseudo code: 3.1 Normalization

Input: text in a dataset
Output: clean text
Begin: 1. Read the text in the dataset;
2. While (! end of the text in a dataset):

If text contains [A[PA]] [T [PA]] [R[PA]] [«[PAI[A[PA]I][eee[PAI][$-[PA]];then
Replace characters with [A] [TR] [£] [&] [A] [e5.] [&] # respectively
If text contains [F[PAJI[E[PATIMF[PA]] [E[PAT] [U[PATI[F[PATI[R[PA]]:then
Replace characters with [A] [%] [0] [E] [] [<] [&]
I text contains [F[PAII[M[PAIIIHIPAIIIFIPATILRIPA]] [M-[PA]] then
Replace characters with [&] [.] [H.] [2] [£.] [T.]
If text contains [h] [Av] [A.] [+] [A4] [h] [+] [Y]; then
Replace characters with [U] [U-] ['] [U] ['¢] [U] [V] [V]
If text contains [7] [*F] ['2] [P] [%] [7] [%], then
Replace the characters with [U] [U] [1] [U] [£] [U] [V]
If text contains [W] [w] [Yi] [Y] [“4] [#] [*“], then
Replace the characters with ["] [(+] [A.] [A] [] [N] [A]
If text contains [0] [0-] [%] [%] [%] [6] [?], then
Replace the characters with [A] [#] [A] [A] [#] [A] [A]
If text contains [R] [&] [A.] [R] [%] [&] [R], then

Replace the character with [8] [6-] [1] [9] [%] [©] [?]
3. Return replaced text;

End:

Algorithm 3. 1 Normalization Amharic Character with the Same Sound (adopted from (Yonas &
Tilahun, 2019))
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Pseudo code: 3.2 Removing Irrelevant Characters

Input: text in a dataset
Output: clean text
Begin: 1. Read the text in the dataset;
2. While (! end of the text in a dataset):
If the text contains special char [,”! @#$%"&*] then
Remove special_char
If the text contains symbol [<>o« »=:-"~_[] then
Replace symbol and add space
If a text contains geez number [ BT O0&ZTZTTHIA N Y YT @ T 1¢P]then
Remove geez_number
If a text contains Amharic_Punc="[=:#:%:-i7] then
Remove Amharic_Punc
If text contain English_word_num = [a-z A-Z] [0-9] then
Remove English_word_num
If text contain number = [0-9] then
Remove number
If a text contains emoji = [emoji] then
Remove emoji
If a text contains extra white space then
Trim the text
3. Return clean_text;

End:

Algorithm 3.2 Removing Irrelevant Characters (adopted from (Yonas & Tilahun, 2019) )
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Pseudo code: 3.3 Removing stop words

Input: text in a dataset
Output: clean text
Begin: 1. Read the text in the dataset stop word list;
2. While (! end of the text in a dataset):
If a word is in the stop word list then
Remove the word from the corpus
End
3. Return clean_text;

End:

Algorithm 3.3 Stopwords removal adopted from((Emuye & Tesfa, 2020))
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3.3 Input representation

The embedding layer is the representation of inputs to the deep neural network models. Each term
in the vocabulary used in the model is encoded by the embedding layer. We experimented with
our pre-trained word vectors for the embedding layer including word2vec and FastText. Thus,
instead of using a pre-trained word vector file to look up the vector representation for each word,
we used the FastText word embedding (Bojanowski et al., 2017) to infer the vector representation
for each word in the vocabulary of our model. This allows us to use the sub-word level information
to derive vector representation for words not in the vocabulary of the corpus on which the fastText
model was pre-trained. This facility is especially important for social media posts which usually
contains typos and abbreviations. In addition, we used a randomly initialized embedding which is
trained with the network to learn task-specific word representation. So, the input representation to

our deep learning model is a 400 dimensional word vectors derived from fastText model.

Recently, several representations have been proposed for representing texts in a way that is
understandable by machine or deep learning algorithms. Taking an example is the one-hot
encoding approach. In the one-hot encoding, all unique words are extracted and represented in a
vector. Then each word is encoded into a numerical vector of a length equals to the number of
unique words. Where the numerical vector is a vector of zeros except at the index of the respec-
tive word is set to one. This model is inefficient since the actual sense of words cannot be grasped,

whereas words are interpreted primarily as vectors of zeros.

Word embedding is more robust mechanism than one-hot encoding approach (Verma &
Khandelwal, 2019). In word embedding approach, all words of similar meaning have an analogous
encoding. Embedding refers to a dense vector, where the length of the vector is a previously
specified parameter. Also, parameters that are learned during the training phase are the components
of the dense vector. A higher embedding dimension refers to a greater ability to learn the semantic
meaning of sentences, but also to the need for larger training data (Verma & Khandelwal, 2019).
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One of the models that is developed by the word embedding approach is the Word2Vec (Mikolov
et al., 2013). Word2Vec is a neural network of three- layers, the input layer, the hidden layer, and
the out- put layer. However, this architecture of neural networks is merely used to learn the weights
of the hid- den layer that are the words embeddings. Mainly, Word2Vec has two structures of
implementations; the Continuous Bag-of-Words (CBoW) and the Skip- Gram (SG) models. The
CBoW model depends on several neighboring words to predict a certain middle word. Whereas,
SG model is the opposite, that is used to predict the neighboring words for a single determined
word. In which, the CBoW model takes a set of input words, where the number of words is
determined by window size. While in the SG model, a single word is considered to predict the
neighboring words. Predicting the neighboring words is accomplished by finding the highest
probability words that are the most similar to the corresponding word.

The word embedding inside the deep learning framework is represented by an embedding layer.
Each embedding layer is also known as a lookup table that has an input length and a dimension
length. The input length is the size of the unique vocabulary of the respective dataset. While, the
dimension length is a parameter specifies the length of the embedding. The dimension length

should be fit to suite the problem and the size of the data
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3.4 Imbalanced learn in deep learning

The learning phase and the subsequent prediction of deep learning algorithms can be affected by
the problem of data imbalance. The balancing issue corresponds to the difference between the
numbers of samples in the different classes. In this situation, the decision function of the different
learning models could be highly impacted, with an important imbalanced ratio, favoring the class
with the greater number of samples usually known as the majority class. There are two methods to
address the imbalance problem of datasets, we can either choose an appropriate performance
metric or resample the datasets. The metrics such as Confusion Matrix, Precision, Recall and F1

Score are designed to give a more truthful result when working with imbalanced classes.

There are two main methods of resampling that can use to even-up the classes: add copies of
instances from the underrepresented class called over-sampling; delete instances from the over-
represented class, called under-sampling. The random sampling approach is very easy to
implement and fast to run. But the random under-sampling always leads to loss of information.
And random over-sampling adopts a simple replicated sample strategy to increase the minority
samples, it can easily lead to overfitting problem, that is, the features learned by the model are too

specific and not generalized.
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An improvement based on a random over-sampling algorithm is the SMOTE Synthetic Minority
Oversampling Technique. By taking every minority class sample and introducing synthetic
examples along the line segments joining any or all of the nearest neighbors of the k minority class,
the minority class is over-sampled. Depending upon the amount of oversampling required,

neighbors from the k nearest neighbors are randomly chosen (Kovacs et al., 2020).

SMOTE based algorithms implicitly consider SMOTE for Learning from Imbalanced Data: 15-
year Anniversary a mechanism to counteract both the class imbalance and the small disjoints. By
means of creating new instances in between close examples, it allows to reinforce the
representation within the clusters. The premise for the good behavior of SMOTE is related to the
fact that the nearest examples should be selected within that very area. SMOTE (Kovacs et al.,
2020) algorithm achieves the increment of low-frequency samples by performing random and
linear interpolation between low-frequency samples and their congeneric nearest neighbors. The
advantage of the SMOTE algorithm is that it generates new samples during the oversampling
process, instead of monotonously replicating the original samples, which avoids the increase of

erroneous samples and facilitating the classification process of the classifiers.

Since an aggressive comment is a real, but limited phenomenon is frequent facing with datasets
where non-aggressive samples are predominant. Therefore, we exploit the oversampling
techniques.
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Problem with Imbalanced dataset:

» Algorithms may get biased towards the majority class and thus tend to predict
output as the majority class.

» Minority class observations look like noise to the model and are ignored by the
model.

> Imbalanced dataset gives misleading accuracy score.

We use two methods to address the imbalance problem of datasets, we choose different
performance metric and resample the datasets with SMOT resample algorithm. The metrics such
as Confusion Matrix, Precision, Recall and F1 Score are designed to give a more truthful result
when working with imbalanced classes. There are two main methods of resampling that can use
to even-up the classes: add copies of instances from the underrepresented class called over-
sampling; delete instances from the over-represented class, called under-sampling. The random
sampling approach is very easy to implement and fast to run. But the random under-sampling
always leads to loss of information. And random over-sampling adopts a simple replicated sample
strategy to increase the minority samples, it can easily lead to overfitting problem, that is, the
features learned by the model are too specific and not generalized.
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CHAPTER FOUR
EXPERIMENT AND RESULT DISCUSSION

4.1 Introduction

This thesis aim to develop aggression detection for the Amharic language. The output of this study
can be a good opportunity for other studies to develop NLP tools for the Amharic language that
classify aggression into three labels, non-aggressive, covertly and overtly aggressive comments.
In this chapter, the working or developing environment of the proposed system, experimental

details and evaluation results along with a discussion of results are presented.

4.2 Experimental Environment Setup

This study used several development tools and packages to implement the proposed solution,
Ambharic aggression detection. This study uses python programming language for implementing
and experimenting with each proposed solution from the data preprocessing to the model building
phase. Also, to evaluate the implemented proposed classifiers model. Python used because of its
programming language of choice for developers, researchers and data scientists who need to work
in machine learning models. Table 4.1 shows the list of tools and python packages with their
version and description which is used in this study.
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Table 4.1 Description of the Tools and Python Package Used During the Implementation

Tools

Tools

Version

Description

Jupyter notebooks

3.7.6

A web-based integrated development environment for
interactive computing.

TensorFlow

1.13.2

TensorFlow is widely used for machine learning, deep
learning and numerical computations. In this study it was
used as the backend for training the LSTM on CPUs

Keras

2.3.1

Keras greatly simplifies deep learning tasks in Python. It
runs on top of TensorFlow and has built-in and easy to
work with implementations of various neural networks
models. In this study Keras was used to create, train,
store, load and do all other necessary operations with
LSTM.

Anaconda Navigator

Allows us to launch development applications and easily
manage conda packages, environments, and channels
without the need to use command-line commands.

Pandas

1.0.1

Pandas is a library that greatly simplifies datasets
processing, display and analysis.

NumPy

1.18.4

NumPy is a fundamental Python library for scientific
computing, making it simpler to work with arrays,
matrices, use high-level math functions etc. This library
was heavily used in this work for operations on data
structures and various computations.

Gensim

3.8.3

It is a free python library designed to extract semantic
topics from documents by extracting statistical co-
occurrence patterns within a corpus of training
documents in an unsupervised way automatically.

matplotlib

Matplotlib is a plotting library. It provides a vast number
of built-in plots for various data graphical representation
purposes. In this study it was used to visualize dataset
sequences and LSTM train history.

python

3.7.6

Easy to learn, powerful programming language to
develop a machine learning application.

Excel

2013

Used data preparation tasks in cleaning, filtering and
sorting the gather data. Also, used to manage the
annotation task.

t-distributed stochastic
neighborhood
embedding(t-SNE)

1.4.0

An algorithm for visualization word embedding based on
Stochastic Neighbor Embedding

imblearn

0.7.0

Imbalanced-learn Python library, to use oversampling
approach or undersampling approach to rebalance the
original training set.

IBM SPSS

2020

It is a software that offers advanced statistical analysis and
kappa agreements.
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https://github.com/scikit-learn-contrib/imbalanced-learn

4.3 Implementation of FastText

To implement FastText, this thesis uses a python Genism module which is used to implement
different embedding methods. We train two word embedding, word2vec and FastText. First import
and instantiate word2Vec class and FastText with necessary parameter and builds the vocabulary,
and training the Word2Vec model using the posts and comments that are gathered from the select
pages. We use 221,568 Amharic comments to train FastText and word2vec. FastText predict
vector for out of vocabulary words from its character n-grams even if word doesn't appear in
training corpus. FastText also learn vectors for sub-parts of words called character n-grams
ensuring that e.g., the words “@®+NNC”, “A@®+NNC”,” N+NNC ~,” +NNC” and “NT+NNC” all

fall into same dimension in vector space, even if they tend to appear in different contexts. This

feature enhances learning on heavily inflected languages.

With this manifest it benefits to generate better word embeddings for rare words. Moreover,
FastText predict vector for out of vocabulary words from its character n-grams even if word doesn't
appear in training corpus. In contrast Word2vec leaves unseen words as out-of-vocabulary words.
So, with this intuition, we proposed to use FastText as word vector generating model for this work.
As it is extension to Word2Vec model, FastText also has two architectures for computing word
representations called Skip-gram and CBOW (continuous-bag-of-words). The Skip-gram model

learns to predict a target word given a nearby word. On the other hand, the CBOW model predicts
the target word according to its context. For instance, given the sentence “NC+ NP+&E@M™-9° N
PAT NPT PANLA®T APAPATIT N&AT AR PTTT N& ATRCIAT” and the target word
“@APATTT”. The Skip-gram model predicts the target using a random close-by word, like
“N&AT” or “ATRLIAY”. Whereas the CBOW model takes all the words in a surrounding window,
like {"\PF: PLNLAD-T, NEAT: AT PTFTT, N&: ATRCIATY, and uses the sum of their vectors
to predict the target word “@®PAPATIT”,

In [9]: M dimport gensim
from gensim import models
from gensim.models import FastText

In [18]: M model = FastText(review lines, size=408, window=5, min_count=2, workers=4,sg=1,6iter=10)

Figure 4.1 Sample Code for Building FastText word embedding
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At the time of training, FastText trains by sliding a window over the input text and either learning
the target word from the remaining context (CBOW), or all the context words from the target word
(“Skip-gram”), and learning can be viewed as a series of updates to a neural network with two
layers of weights and three tiers of neurons, in which the outer layer has one neuron for each word
in the vocabulary and the hidden layer has as many neurons as there are dimensions in the

embedding space. In this way, it is similar to Word2Vec. Unlike word2vec, FastText also learn

vectors for sub-parts of words called character n-grams ensuring that e.g., the words “@®+NNC”,

“Aae+NNC”,’NA+NNC”,>+NNC” and “NY+NNC” all fall into same dimension in vector space, even
if they tend to appear in different contexts. This feature enhances learning on heavily inflected
languages. Despite use of sub-word information, training FastText is same as Word2Vec for both
CBOW and Skip-gram models. The key difference between FastText and Word2Vec is the use of
n-grams. Word2Vec learns vectors only for complete words found in the training corpus. FastText,
on the other hand, learns vectors for the n-grams that are found within each word, as well as each
complete word. At each training step in FastText, the mean of the target word vector and its
component n-gram vectors are used for training. The adjustment that is calculated from the error
is then used uniformly to update each of the vectors that were combined to form the target. This
adds a lot of additional computation to the training step. At each point, a word needs to sum and
average its n-gram component parts. The trade-off is a set of word-vectors that contain embedded
sub-word information. These vectors have been shown to be more accurate than Word2Vec vectors
by a number of different measures. Treating character n-gram manifests FastText the following

advantage over Word2Vec:

Generate better word embeddings for rare words (even if words are rare their character n grams
are still shared with other words - hence the embeddings can still be good). This is simply because,
in word2vec a rare word (e.g., 10 occurrences) has fewer neighbors to be pulled by, in comparison
to a word that occurs 100 times whereas FastText has more neighbor context words and hence is

pulled more often resulting in better word vectors.

Out of vocabulary words - they can construct the vector for a word from its character n grams even

if the word doesn't appear in the training corpus. Both Word2vec and Glove can't.
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A map of 50000 word vectors
L Y AW, e

word: (L-00C

word: +0Nc

Figure 4.2 Visualization of 50,000 words from the fastText vector produced by t-SNE

In the above Figure, Figure 4.2 “a®+NNC", “Ad®+NNC", “N+NNC", “+NNZ" and “NF+NNC”
exist in the same space vectors. This clearly shows FastText word embedding is importance for

morphologically rich language like Amharic.
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The notion of word similarity in vector space is very useful in larger semantic tasks. Knowing how
similar two words can help in computing how similar the meaning of two phrases or sentences are,
a very important component of natural language understanding tasks like hate speech detection,
and aggression detection. FastText put similar words in one vector space which is important for

the identification of aggressive comments contextually with spelling errors also.

In [19]: M model.wv.most_similar("AT?MAT",topn=15)

"ATIMATT ", 8.9265498174293518),
raymAt , 9.8752273917198181),
"A9?.2ent, ©.8588778376579285),
"ATY LA, ©.8491545915603638),
"ATINAT, ©.8464323878288269),
"A97. 2R, 9.8460648059844971),
"ATFSmLAN, ©.8411413431167683),
"ATThi1’, ©.839849591255188),
"AT7m4N, ©.8330880509185791),
"AT7 26T, ©.8294118298156738),
"AT7 e, ©.8229188323820935),
'A%, ©.8221513832913208),
"AT74-E4, 0.8113781889806824),
"AT?0M(T, ©.81880835922050476),
"A97.2', 8.8107782602310181) ]

L s s i R R R R e R R s R e T

Figure 4. 3 Top 10 similar words in FastText

In the above Figure, Figure 4.3 “A9360,%”, “AT) I¢hu 9, and “AT3 I6e-1 refers the same word

“AT It with typing error. This clearly shows FastText word embedding can handle typing

error, and words which has similar meanings also considered easily with typos problem.

We use the following hyperparameters for FastText:

Table 4.2 Parameters of FastText

Hyperparameters Value
Size 400
Window 5
Min_count 2
workers 4

sg 1
Iteration 10
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4.4 Implementation of Deep learning model

The implementation of proposed models are constructed based on using Python programming
language working on Jupyter Notebook. Python has a large number of scientific libraries for data
processing and deep learning approaches. Some libraries are presented in the following sections

and their relevance to this thesis are described.

4.4.1 Library

4411 TensorFlow

TensorFlow is an open source software library for numerical calculations using data flow graphs.
Nodes represent math operations in the figure, and edges in the figure represent multidimensional
data arrays, i.e., tensors, that relate to each other. Its flexible architecture allows you to expand
computing on a variety of platforms, such as one or more CPUs (or GPUSs), servers, mobile devices,
and more in desktop computers. TensorFlow was originally developed by researchers and
engineers from the Google Brain Group (part of the Google Institute for Machine Intelligence) for
machine learning and deep neural networks, but its versatility makes it widely used in other

computations field.
4412  Keras

Keras (Manaswi, 2018) is a high-level neural network API, Keras is written in pure Python and
based on TensorFlow, Theano and CNTK backend. Keras was born to support rapid
experimentation and quickly convert your ideas to results. Keras is highly modular, minimalist,
and scalable, so it supports simple and fast prototyping and model CNN and RNN, or a
combination of the two models, switch CPU and GPU seamless.

Keras’s design principle is user-friendly. Keras is an API designed for humans. The user
experience is always the primary and central part of the consideration. Keras provides a consistent
and concise API that drastically reduces the workload for users in general use, while Keras
provides clear and practical bug feedback. A model can be understood as a sequence of layers or
as a graph of data. Fully configurable modules can be freely combined at the least cost.
Specifically, the network layer, loss functions, optimizers, initialization strategies, activation

functions, and regularization methods are all separate modules.
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4.4.1.3 Deep learning Layer

In our evaluation of the proposed scheme, each classifier is implemented as a deep learning model

having five layers and is described as follows:

>

The Input (Embedding) Layer. The input layer’s size is defined by the number of inputs for
that classifier. This number equals the size to the word vector plus the number of additional
features. The word vector dimension was set to 400 so that to be able to encode every word
in the vocabulary used.

The Bidirectional LSTM layer. BiLSTM extract word information from both directions.
This layer is fully connected to both the Input and the subsequent layer.

The Attention Layer. We add an attention layer for finding the contribution of each word
by assign a weight to each word feature to the whole sequence.

The dense layer. The output of the BiLSTM with attention was run through an additional
layer to improve the learning and obtain more stable output. The ReLU activation function
was used. Its size was selected equal to the size of the input layer.

The output layer. This layer has 3 neurons to provide output in the form of probabilities for
each of the three classes neutral, covertly, and overtly aggressive. The softmax activation

function was used for this layer.

Hyperparameters used:

Table 4. 3 BiLSTM parameters

Hyperparameters Value
Word embedding size 400
Max sentence length 100
Dropout after word embedding 0.6
Num of BiLSTM cells 256
optimizer Adam
Batch-size 50
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4.5 Train-test split

The final preprocessing step splits the data into a training, validation, and test set. The deep
learning modules use the training set to update the weights of the model. Subsequently, the
validation set is utilized to assess models during the optimization processes. Finally, the models
predictions are evaluated on the test set. The aggression corpus consists of 4583, 1416 and 4001
for neutral, covertly and overtly aggressive comment respectively with a total number of 10,000
sentences. Therefore, this thesis have approximately 80% of the sentences in the training set, 10%
in the validation set, and 10% in the test set. A summary of the number of sentences, the number

of cases and the number of annotations in the dataset are shown in Table 3.1.

4.6 Evaluation Measures

4.6.1 Accuracy

Accuracy, being the most intuitive performance measure, provides information regarding how well
the algorithm can correctly classify inputs. Following this knowledge, accuracy will only be used
as a reference to overall performance instead of the main performance measure. Accuracy is the
most popular performance measure used and for good reason. It’s extremely helpful, simple to
compute and to understand. It is the proportion of the correctly classified samples and all the

samples.

Accuracy: It is simply a ratio of correctly predicted observation to the total observations. Accuracy
is a great measure but only while having symmetric datasets where values of false positive and

false negatives are almost similar (Devishree & Marseline, 2018).

TP+ TN
TP + TN + FP + FN

Accuracy =
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4.6.2 Precision

The next performance measure to be reviewed is precision, which gives information regarding the
algorithm’s performance in avoiding false positives. This metric tells us how many elements were
correctly identified as belonging to a particular class out of the total number of elements that the
classifier claim belong to that class. This means that precision shows how many entries are
correctly labelled as aggressive, meaning the value will get lower if the algorithm is set to be too
sensitive to aggression detection (Devishree & Marseline, 2018).

TP

p .. - -
recision FP_+ TP

4.6.3 Recall

The next performance measure is used to evaluate how well the algorithm can classify input with
aggression or how many of the actual aggression can the algorithm detect. It is expected that higher
recall corresponds to a stricter rule of detecting aggression, meaning that possible neutralizer might

actually lower recall score.

Recall: Recall is the ratio of correctly predicted positive observations to the all observations in

actual class, which identify all relevant instances (Devishree & Marseline, 2018).

TP

Recall = m
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4.6.4 F1 Measure

In some cases, precision might get really low when the main concern is maximizing recall,
therefore a more balanced approach is needed. The F1 measure gives a more balanced approach
towards recall and precision. By assessing the F1 measure, the overly conscious approach can be
avoided because maximizing the algorithm’s ability to correctly identify aggression is the main
concern of this research. Correctly identifying aggression means that the algorithm is expected to
be able to balance between finding aggression and non-aggression instead of blindly labelling

inputs as aggression without checking for a possible neutralizer.

The F1 score metric, single metric that combines recall and precision with the weighted average.

Therefore, this score takes both false positive and false negatives (Devishree & Marseline, 2018).

Precision * Recall
F1=2

X
Precision + Recall

4.6.5 Confusion Matrix

The evaluation of text classification techniques can be obtained in terms of correctness by
computing statistical measures namely the True Positives (TP), True Negatives (TN), False
Positive (FP) and False Negatives (FN). These components form the Confusion Matrix as shown
in Fig. 1. The dataset was split into test and train type datasets. Python was used as the environment
in which this combined data had to run. Using Python, the required packages had to be called. The
dataset was opened on the Python on Jupyter notebook platform and, by setting various parameters
related to, the code was run on the two deep learning algorithms on the dataset. The results in

confusion matrix, Precision, F1-score, accuracy and we used matplotlib to draw the results.

The Confusion Matrix for a 3-class aggression can be seen in Table 2.2, which displays the result
for each class for a text classifier. We can use the results to calculate some other evaluation metrics
(Precision, Recall and F1 Score) for each class, and also to calculate the overall versions of these

metrics.

55



4.7 Experimental Results

Many experiments were implemented to confirm the effectiveness of the proposed model. Two
different experimental approaches are presented to evaluate the performance of the proposed
model. The first approach is to compare the performance of the word2vec and FastText word
embedding models in deep learning created through the classification success of the proposed
model. In the second approach, the performance of the proposed model is compared with other

deep learning known algorithms with combination, BILSTM-CNN on this data set.

Many libraries and tools are available for developing deep learning models. Keras is one of the
most preferred software frameworks. TensorFlow is used in the backend of Keras, which provides

support for the CPU or GPU environment.

Table 4.4: Evaluation results with precision, recall and F1-score evaluation metrics

Model Aggression Precision Recall F1-score #Samples
BiLSTM NAG 0.73 0.84 0.79 481
+ CAG 0.59 0.25 0.35 144
FastText OAG 0.69 0.71 0.70 375
Avg/Total 0.71 0.71 0.71 1000
BiLSTM NAG 0.75 0.80 0.78 481
+ CAG 0.41 0.25 0.31 144
Word2vec | OAG 0.69 0.73 0.71 375
Avg/Total 0.70 0.70 0.70 1000
BIiLSTM- | NAG 0.79 0.77 0.78 481
CNN CAG 0.37 0.45 0.41 144
+ OAG 0.72 0.68 0.70 375
FastText Avg/Total 0.69 0.69 0.69 1000
BIiLSTM- | NAG 0.73 0.81 0.77 481
CNN CAG 0.46 0.38 0.42 144
+ OAG 0.72 0.66 0.69 375
Word2vec | Avg/Total 0.70 0.70 0.70 1000

In Table 4.4, Precision, Recall, F1-score and Accuracy was analyzed for BiLSTM and BiLSTM-
CNN with FastText and Word2Vec word embeddings, and BiLSTM achieved highest

classification accuracy, precision, recall and F1-score.
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In [32]: M print(classification report(test labels, predZ))
print (confusion matrix(test labels.argmax(axis=1), pred2.argmax(axis=1))

precision recall fl-score  support
d 0.73 0.84 0.78 B
1 0.38 0.25 0.35
p 0.69 0.71 0.70 373
micro avyg 0.71 0.71 0.71 1000
MACTO avy 0.87 0.80 0.6l 1000
weighted avg 0.70 0.71 0.68 1000
samples avyg 0.71 0.71 0.71 1000
Figure 4.4 Sample code and result to evaluate the Model
Model Word embedding Accuracy
BiLSTM Word2Vec 75.08%
BiLSTM FastText 76.31%
BiGRU Word2Vec 14.77%
BiGRU FastText 75.1%

Table 4.5. Results with accuracy metrics evaluation
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Confusion matrix for BILSTM with FastText and word2vec word embedding:

Confusion matrix) Confusion matrix)

Actual label
Actual label

Predicted label Predicted label

A) BILSTM with FastText word embedding B). BILSTM with word2vec word embedding

Figure 4.6 Confusion matrix of BILSTM with FastText and word2vec word
embedding

Confusion matrix for BILSTM-CNN with FastText and word2vec word embedding:

Confusion matrix)
Confusion matrix)

Actual label
Actual label

Predicted label Predicted label

B) BIiLSTM-CNN with FastText word embedding B). BiLSTM-CNN with word2vec word
embedding

Figure 4.7 Confusion matrix of BiLSTM-CNN with FastText and word2vec word embedding
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We evaluated classification model by using different metric, achieving an average result as
presented in table 4.4, table 4.5 and Figure 4.6 and Figure 4.7 for confusion matrix result. It was
evident that the BiILSTM with FastText outperform to classify non-aggressive, covertly and overtly
aggressive with 0.7631, 0.71, 0.71 and 0.71 accuracy, F1-score, Precision and Recall respectively
with Facebook and Twitter Amharic language aggressive posts and comments. The BiLSTM-CNN
better result for FastText model with 0.751, 0.70, 0.70 and 0.70 accuracy, F1-score, Precision and
Recall respectively.

The evaluation results can be observed that precision, recall, and F1-score of Non-aggressive class
are higher than other two classes. Similarly, for the Covertly Aggressive class all these metrics are
lower than other classes. This is because, CAG is hidden aggression in CAG class posts and it is
very difficult to identify that type of posts. For CAG class our proposed method is not doing well
because the dataset is imbalanced, it is very difficult to balance using synthetic data in

oversampling method and aggression is hidden in CAG class comments.

4.8 Error Analysis of the Experiment

There is the problem of misclassified posts and comments in our model, since most covertly violent
texts (Neutral & overtly aggressive) are both misclassified. This occurs due to the following
reasons. The complex nature of covertly aggressive and lack of a clean rule to separate this content
and imbalance data. The other reasons are slang words which has different meanings other than
the common one and sentences without spaces which makes the models to fail to incorporate
essential features, and also the occurrence of the same word for each class text could cause
incorrect features to be used by the models to classify the comments incorrectly. Also, their
optimized value could not be the network parameters we used in our experiments. The above-listed
issues influence the efficiency of the established model and misclassification takes place.
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CHAPTER FIVE
CONCLUSION AND RECOMMENDATION

In this study, we designed and developed the Amharic aggression detection model. It uses a
prediction model trained on a network model build using deep learning network architectures,
BiLSTM with fastText word embedding.

5.1 Conclusions

Nowadays, there is a huge amount of data exchanged between users every day in social media and
has a lot of positive or negative effects on user life, among those huge amounts of data aggressive
texts on Facebook and Twitter play a major role in negatively affecting user life by imitating them
for conflict based on their ethnicity, faith, ethnic group or any other attributes that could distinguish

indigenous life which could affect individuals or groups with open or hidden expression.

A model is constructed in this study that can detect aggressive content using BiLSTM, BiGRU
and BiLSTM-CNN. We begin to define the aggressive text to effectively enforce the model, which
is the text consisting of both covertly and overtly content based on their description, and we
examine current aggression detection techniques. In this work, we have used our trained FastText
word embedding model to generate word vectors that can able to capture syntactic and semantic
relations of words and randomly generated vectors using the embedding layer. The FastText word
embedding take into account the internal structure of words while learning word representations;
this is especially useful for morphologically rich languages like Amharic. The semantic and
syntactic information of words that is contained in these vectors make them powerful features for
NLP tasks like aggression detection. We experimented using state of the art deep learning
algorithms such as BIiLSTM, BIiGRU and BIiLSTM-CNN with FastText and Word2Vec
embedding. BIiLSTM achieved better performance with an accuracy of 76.31% with FastText
embedding. This research showed positive results, but this finding is enhanced by more detailed

future work.
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5.2 Contribution of the study

The contribution of this study are listed as follows.

X/
°e

Develop a labeled aggression dataset built from two public social media.

X/
°e

Prepared our pre-trained FastText and word2vec word embedding, which is important for

future works in this area.

X/
°e

We design a model for Amharic text aggression and also, we compare deep learning
algorithms.

5.3 Recommendation

In order to design and improve Amharic aggression detection, we did a lot of work. We propose

the following as a way forward based on the concluding and finding remarks of the report.

% We have used a manually annotated dataset with three persons annotate the dataset with
more people to improve the dataset quality to avoid the biased problem.

%+ For future researchers will contain Amharic informal text, like slang word.

% Building a model which includes other forms of aggression content on social media such

as image, audio or video.
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APPENDIX

Appendix A: Sample Source Codes

Appendix A.1 Sample Code for Word2Vec word embedding

In [9: N import gensin

from gensin import models
from gensim.models import WordVec

In [10]: N model = gensim.models.Word2Vec (review lines,size=400, window=3, min count=], workers=4,sq=l,iter=10)

Appendix A.2 Sample Code for TSNE to visualize FastText word embedding

In [21]:

M import bokeh.plotting as bp
from bokeh.models import HoverTool,BoxSelectTool
from bokeh.plotting import figure,show,output_notebook
#defining the chart
output notebook()
plot chart=bp.figure(plot width=70@,plot height=600,title="A map of 50000 word vectors",tools="pan,
#extracting the Llist of word vectors,limiting to 5608,each is of 200 dimensions
word_vectors=[model[w] for w in list(model.wv.vocab.keys())[:50000]]
#Reducing dimensionality by converting the vectors to 2d vectors
from sklearn.manifold import TSNE
tsne model=TSNE(n components=2,verbose=1,random state=0)
tsne_w2v=tsne_model.fit_transform(word_vectors)
#storing data in a data frame
tsne_df=pd.DataFrame(tsne_w2v,columns=["'x","y"'])
tsne_df[ 'words']=1ist(model.wv.vocab.keys())[:50000]
#corresponnding word appears when you hover on the data point
plot chart.scatter(x="x",y="y",source=tsne df)
hover=plot_chart.select(dict(type=HoverTool))
hover.tooltips={"word":"@words"}
show(plot_chart)

Appendix A.3 Sample Code for Building and Evaluating Models

In [32]:

In [54]:

W

W

import numpy as np
from tensorflow import keras
from tensorflow.keras import layers

# Input for variable-length sequences of integers
inputs = keras.Input(shape=(Nene,), dtype="int32")
# Embed each integer in a 128-dimensional vector
x = layers.Embedding(MAX_NB WORDS, 128)(inputs)

# Add 2 bidirectional LSTMs

x = layers.Bidirectional(layers.LSTH(128, return_sequences=True))(x)
x = layers.Bidirectional(layers.LSTH(128))(x)

# Add a classifier

outputs = layers.Dense(3, activation="softmax")(x)
model = keras.Model(inputs, outputs)

model. summary()
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Appendix A.4 Sample Code for preprocessing of Amharic text

text = re.sub{r"dA", "U", text)

text = re.sub{r"dv", "U", text)

text = re.sub(r"4", "1L", text)

text = re.sub{r"-h", "U", text)

text = re.sub(r"d", "Z£", text)

text = re.sub(r"sh", "U", text)

text = re.sub{r"A", "IP", text)

text = re.sub(r"Y", "U", text)

text = re.sub(r"7¥", "U", text_‘,l|

text = re.sub{(r""F", "U", text)

text = re.sub(r""L", "UL", text)

text = re.sub(r"2", "U", text)

text = re.sub(r" %", "Z", text)

text = re.sub{r"%", "U", text)

text = re.sub{r"%T", "F", text)

text = re.sub(r"&”, 0", text)

text = re.sub(r"ox", "(k", text)

text = re.sub(r"“L", "(L", text)

text = re.sub(r"%", "4", text)

text = re.sub(r"%4", "", text)

text = re.sub(r"/~", "01I", text)

text = re.sub(r"¥", "N", text)
text = re.sub(r"m/SCE", r'mPAL SLE 7, text)
text = re.sub(r"& /0", r"&VdT LT, text)
text = re.sub(r"& /", r &VéT b, text)
text = re.sub(r"é/%/é", r"&ALNE TN &TAAR", text)
text = re.sub(r"&/7", rrdfd-d AN, text)
text = re.sub(r"%/(bT", r"$CL b1, text)
text = re.sub(r"emh (17", r"@@d KA APEP ATANT 7PTE ", text)
text = re.sub(r"A.%T", r'PATFEPRPT HTNEOPE TC4", text)
text = re.sub{r"T/C", r"TC&LAC", text)
text = re.sub(r"T/+", r"T&HATH", text)
text = re.sub(r'[@-9]+", r' ", text)
text = re.sub(r’'[8 § L0 £ 22T PI1AGHIZTET TR+, r ', text)
text = re.sub(r’'[: = T T ¥ = #E ], p , text)
#text = re.sub(r'[,?! @H$X &%*2]+', r' ', text)
#text = re.sub(r'[<»¢3e n=X"w~ J+', r' ', text)
text = re.sub(r'[*\w]"," ',text) # avoid special char (!} (@) (,) (?) (#) (.)
text = re.sub(r'%s\s+"," ',text) #avoid multi whitespace
text = re.sub(r’'[a-z A-Z]+', r' ', text)
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Appendix A.5 Sample Code for imbalance learning

In [18]: M from imblearn.over_sampling import SMOTE
from collections import Counter
#split the training data into a training set and a validation set
indices = np.arange(trainvalid data.shape[8])
np.random.shuffle(indices)
trainvalid data = trainvalid data[indices]
trainvalid labels = trainvalid labels[indices]
num_validation samples = int(VALIDATION SPLIT * trainvalid data.shape[@])

x_train = trainvalid data[:-num_validation samples]
y_train = trainvalid labels[:-num_validation samples]
x_val = trainvalid data[-num validation samples:]
y_val = trainvalid labels[-num_validation samples:]

sm = SMOTE()
x_smote, y_smote = sm.fit_sample(x_train, y_train)

print(’'Spliting the training data into train and valid is done')

Appendix A.6 Sample Code for model evaluation using confusion matrix

In [63]: M import numpy as np
import matplotlib as mpl
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.metrics import confusion_matrix

def plot_cm(labels, predictions, p=8.5):
cm = confusion_matrix{labels, predictions)
plt.figure(figsize=(5, 5))
sns.heatmap(cm, annot=True, fmt="d")
plt.title("Confusion mathixb")
plt.ylabel("Actual label™)
plt.xlabel("Predicted label")

plot_cm{test labels.argmax(axis=1), pred.argmax{axis=1))
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Appendix B. Sample preprocessing data removing stop word and emoji

In [7]: W df['Processed Text'] = df.text.apply(lambda x: clean text(x))

In [8]: W df.head(d)

Out[8]:
text labels Processed Text
0 YA TR YEC T2 T2 I g 1P AU+ ]
1 fald 2 Halli
2 focp 2 tacp
3 NAUS ICRIGTATRC ] NAUS WT&T ATHC

Appendix C. List of stop words

s "pallgA", "hFadOh’, " TF, "we, ", R, 0, VS, IO, thEY, vnge, "hidod,
"RINPA", “hngdd, U, U, CRARAT, BAT, A, T, CUEEE PR USE, e
TV, B A A AR e b, e A P, P, R
Y A, MR, A e L, A, A e e 0, ek
e, O, 0, U, ode, Qe 45, b, (hatht, “fabie:, tRACR, PRAPP",
BT, RN, RN, CPARAY, PR, EhGedA AR, R, ARG R, e, e
R {00 A T T Vo R A 1 1
"hANPA, “AATFHIPA", "MGCHRA", "AMSAHA", A, “RART, “Mh0", *hah#", *NHC", “hARRCIY, "NAY,
R T S v W VAN S VA Y VIR | K LR T
"RPRTE, " ChA, Mg, hebhAr, AR B, hode, hode, DA, "ot e, ek, 95,
T2 S T T NP Y 1 A A (1 A & T S L /1
"IAEA, ARPAY, VI, CRER, AR, WA, 0, CRTIRAY, PN, CRIARK, IARAT, AT, h,
P, heoht A, "SI ]
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Appendix D. Annotation Guidelines

Aggressive language varies greatly, ranging from simple profanity to much more severe types of
high toxic language. Overt aggression is any speech or text in which aggression is overtly
expressed, either through the use of specific kind of lexical items, lexical features or certain
syntactic structures, considered aggressive text. On the other hand, covert aggression is any text in
which aggression is not overtly expressed. It is an indirect attack against the victim and is often
packaged as insincere polite expressions, through the use of conventionalized polite structures. For
instance, cases of satire or rhetorical questions may be classified as covert aggression. To
operationalize the task of aggression detection, we developed guidelines and briefly present the

annotation steps below.

Overtly Aggressive (OAG): Texts which express aggression in a direct, straightforward, and
explicit way. Toxic, insult, obscene and threat, offensive and hate speech with direct expression

are considered as overly aggressive (OAG).
E.g., “A7t 22N NFRUT BN Png@m”, “L9H", “"AT+ &CP NA ATR% N8”,

Covertly Aggressive (CAG): Texts that express aggression in an indirect, sarcastic manner.
Sarcasm, irony, and rhetorical questions have in common that the meaning of the comment is

different from its literal meaning which uses the property of objects or animals to cover the hate

or insult. E.g, “2UF N®A NLLT ATSZMIPIR ATHEHSEF" “FAF AIHLUT MNP, “+Né PSLM
BN AN £9R3A", A8 AART ARNYA.

Not Aggressive (NAG): Texts which are not aggressive comments or other than covertly and

overtly Amharic comments in the above.

E.g., “ANC ARTHT 277, “ASARATAT NCRAT AT IR NISTTFUL 177, "mé 10 NCE".
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