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ABSTRACT

By filling the real-world gaps using natural langeaprocessing (NLP) tasks with
machine or computer by enabling the machine tooperhuman language related task by
replacing human beings, it is possible to solvearmiian fifty percent of the world’'s
problem. NLP can be natural language tasks sutlaagal language inference, semantic
similarity measure, semantic analysis, semantie labeling, and sentiment analysis and
sarcasm detection. These tasks are focusing orrsiadding the meaning role of each
word in the sentence. Opinion mining is one typNatural language understanding task
by focusing on identification of the polarity ofetlgiven sentence or document. However,
it is very challenging due to the existence of astic expressions. In this study, we have
proposed a classic or shallow machine learning cgmbres-based sarcasm detection
model for Amharic language. We would collect datanf Abe Tokyo Amharic Shimut
and Mitsetoch Book, his Face book channel, andraglegram and Face book channels
focusing on sarcasm. We would annotate the colledi@aset as sarcastic and non-
sarcastic grouped sentences. After applying nomaidin, tokenization and non-Amharic
components removal as a preprocessing step, wedwmd feature extraction i.e. inter
and intra class frequency. We would implement tho&sb value-based feature selection
i.e. minimum threshold value for intra class fregeyeand maximum threshold value for
inter class frequency. At the end we would impletrfenificial Neural Network-Nearest
Neighbor, Support Vector Machine, Random ForestDANRive Bayes as classifiers. In
our experimental result ANN outperform traditiomahchine learning classifier we have
achieved, 98.09% training accuracy and 94.05%ngsiccuracy using ANN. Machine
learning algorithms do not process text as input #xt encoding in another format.
TFIDF was applied for vectoring the dataset or e text in numeric for traditional
machine learning modeld he goal of Sarcasm Detectiontds determine whether a

sentence is sarcastic or non-sarcastic

Key Words: Amharic Lemmatize Text, Sarcasm Detection Model
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CHAPTER ONE
INTRODUCTION

1.1.Background of the Study

In last three and more decades’ researchers artendlobe have been solving the real world
problems by filling the gaps in natural languagecessing (NLP) tasks using machine or
computer by enabling it to perform human languaglated task by replacing human beings.
Some of these NLP tasks are lexical, syntactic elsag semantically based tasks. Most widely,
the semantically based tasks, known as Naturalukgeg understanding (NLU), are the most
challenging NLP tasks then lexical and syntactNBP tasks. NLU was a branch of artificial

intelligence (Al) that understand language inputinan sentences form in text or speech format
by using computer (Rouse, M. 2017). NLU was staedthe way of communicating with

untrained individuals by understanding that theitemt was, meaning that it goes beyond

understanding words as well as interprets meaning.

NLU was even developed with the understanding tgbdf meaning by considering common
human errors such as mispronunciations or transpesgds even characters. NLU includes
semantic measure like Recognitions of Textual HEn&t, document summarization,
paraphrasing and plagiarism checking, and semaatiognition such as sentiment analysis.
Semantic recognition is the task of recognizingithient of the given language component.

Sentiment analysis was a typical semantic recagnitask that analyzes the intent of the given
sentence as positive or negative. However, thatrgéthe sentence was highly depending on
the environmental condition and culture of the laage speakers. Sentiment analysis would be
easily misled by words presence, which have a gtplarity but are used sarcastically, that
leads to intend the opposite polarity. So thatectlatg sarcasm was the main challenge in
sentiment analysis (Wandra, K. H., &Baro, M. 2017).

The figurative nature of sarcasm makes it an offeoted challenge for sentiment analysis (Liu,
B. 2010). Sarcasm detection was the process ofrstagkeling the given sentence intent as

sarcastic or not. If the sentence was sarcastit,espresses the negative event with the positive

1



feeling. On the other hand, if it was not sarcas@xpresses the negative event with the negative
feeling and the positive event with positive feglirBarcasm detection plays a critical role in
online review summarizers, dialog systems, recontagon systems, as well as sentiment
analyzers. Sarcasm can be expressed in speechl @s wext format. The speech-based sarcasm
detection was an easy task due to the tones, laodyage and gestures that support the model to

understand it.

On the other hand, understanding the sarcasm iwiiten text was very challenging. This was
due to language expressing variability, languagbigmnity, and the nature of the task itself. Text
based sarcasm detection was a difficult problem fzasl only recently begun to be examined
successfully as an automated NLP problem in (MisAr&Kanojia, D &Nagar, S &Dey, K. &
Bhattacharyya, P. 2017).

The juxtaposition of positive sentiment words bgaeve events incorporated the world context
essential idea into detecting sarcasm. Its gotd identify and learn phrases that are implicitly
and strongly linked with negative event expressitre algorithm learns by detecting a positive
expressive word as a seed word and finds a negawmet that follows the word in the sarcastic

sentence.

Positive sentiment phrases are then learned byingakt adjacent negative situation phrases.
These phrases and events are then used to deteatrsain new sentences. In addition to
expressing the negative events using the posittpeession phrases, the positive situation that
has been expressed by positive words also chaongsattastic only using punctuation marks as

well as emotional emaojis.

Africa is home to about 2000 indigenous languadese 7,111-world languages highly suffer
from the lack of sufficient and usable languageoueses (Moodley, M&Dlamini, R. 2021).
Ethiopia contributes around 83 different languagigs multilingual and multi-ethnic country.
Each citizen has the right to speak, write and ldgvim his or her own languages. Among these
languages, Amharic is the working language of teeghment of Ethiopian and regional state

of the Amhara and Southern Nations and Nationaliggions.



It is the fifth most widely spoken language in &&i(25 million native and 3 million emigrants),

Ambharic is the second-largest Semitic dialect andbntinent after Arabic and mainly spoken in
Ethiopia (Hernando Alcald N. 2019). Being a nati@meguage,Amharic is one of the very few
languages having its alphabet, while most otheesArabic or Latin letters. Perhaps this is the
reason that it is host to a growing body of Ethampiiterature such as poetry, novels, and

journals.

Furthermore, sarcasm has the negative impliedmsent| but may not have a negative surface
sentiment. A sarcastic sentence may carry posittuweface sentiment (for example,
‘ALEEICaHSSTLOLNTTFAL),  negative  surface  sentiment  (for  example,
‘CNLD.M.LLCALTGANINLI™ as a response to the criticism of an Olympic ntisaor no

surface sentiment (for example, the idiomatic esgian *

PULTHATY is used to express sarcasm(Aragaw, B. T. 201%)ceSsarcasm implies

sentiment, detection of sarcasm in a text is ctudgredicting the correct sentiment of the
text.The challenges of sarcasm and the benefir@bsm detection for Amharic text have led to
an interest in sarcasm detection as a researclheproBarcasm detection refers to computational
approaches that predict, if a given text is sarca8arcasm detection from text has now

extended to different data forms and techniques.

Different researchers have been solving sarcadtallenges in different languages using
machine learning approaches such as SVM (Desa& RNave, A. D. 2016), random

Forest (Desai, N., & Dave, A. D. 2016), decisioeet(Ghosh, D &Vajpayee, A &Muresan, S.
2020), and others. These approaches play a crititalin handling different features provided
by the researchers and matching these featur&ée toetwv coming text in order to check whether

it is sarcastic or not.

These machine-learning approaches, particularljiasthhaapproaches, are suitable for solving
narrow areal research tasks such as sarcasm datd8éicause narrowed areal research tasks are
challenging for providing huge amount of data di@afor deep learning approaches such as
RNN, CNN, and Transformers. This problem is alsa@yvehallenging for low resourced

languages especially Amharic. So as a researchadisg, we have induced that we need



Sarcasm detection model has to be developed forafimhanguage. That is why we have

proposed sarcasm detection for Amharic language.

1.1 Motivations

People have the right to speak, write and developtheir own language especially in
multilingual and multi-ethnic countries like Ethiep As one Ethiopian language,
Amharic is one of the morphological rich, compéed resource deficient language compared to
other English, European (Spanish, French and o#émel)Asian language.

However, the existence of sarcastic sentences nm@keson mining a challenging task. This
problem is my first motivator. Additionally, mostHtopians, use social Media such as YouTube,
Face book, Telegram and others to share theinfgglviews, and opinions by posting or leaving
comments. However, their sentiment analysis shbalilentified by checking there is sarcastic
or not. Generally, due to the presence of sarctestis, the positive sentiment may be changed to

negative sentiment and vice versa

1.2.Statement of the Problem

Now different researchers have developed a daynemeview summarizers, dialog systems,
recommendation systems, and sentiment analyzersseTBystems are mainly focusing on
opinion identification as a main task (online revisummarizers and sentiment analyzers) or as
building block (dialog and recommendation systerhis)both cases, there is one challenge to

identify the opinion polarity i.e. sarcastic texts.

Sarcasm is a form of language communication aethich the speakers or writers try to convey
the message in an implicit way (Clews. P &Kuzm&QlL7). Within the existence of sarcasm, it
is very challenging to know “what the right belieé$ people are?”. By nature sarcasm is
ambiguous that makes it hard for computers as aglhumans to decide whether a given
sequence (text or speech) is sarcastic or not.kSpear writers can convey a negative opinion

using only positive or intensified positive wordsdavice versa. When we consider the sarcasm



detection to text, the lack of facial expressiom&l antonations make it very challenging
(Ahuja.R&Bansal.S&Prakash.S&Venkataraman, K. &Ban§a2018). As a result of recent
advancement in sentence generation, researchghtareneasuring negativity and positivity of
the sentiment of words or phrases is increasing fione to time (Gambéck, B & Olsson, F
&Argaw, A. A., & Asker, L. 2009). However, accuraend robustness of sentiment analysis
results are highly affected by untruthful sentinsedtie to the nature sarcasm and often left
untreated. Because, sarcastic sentences havaghbiltty of changing the positive sentiment to
negative and the negative to positive.

Beside the above listed sarcasm detection gapsiatuee of language increases the challenge to
address it. Most languages especially Semitic laggs are morphological rich language
(Seyoum, B &E.Miyao&Mekonnen, B. Y. 2016) which neskmost NLP tasks, particularly the
sarcasm detection, more complex because of oneddrasef the word may be used to inflect or
generate much more words by adding different adfiemd generate different forms and
meanings (Mindaye, T &Sahlemariam, M. &Kassie, U1@). Human language also has many
synonyms and antonyms for a word and one word @ rhultiple meanings based on its
context (Assemu, S. 2011).

However, this is also another challenge to be hagdlbecause replacing the word by its
antonym convert the sentence to negative statergpldcing the word by its synonym may
change the structure similarity of the sentencesshll not the polarity. Furthermore, human
languages have a flexible lexical, syntactic andas#ics (sense) ambiguity which makes natural
language understanding tasks more challenging tivead (Getachew, A. 2014).particularly
sarcasm detection task. The amount of sarcasm dextise web (entertainment or social media
such as YouTube, Facebook and others) is increédasii. A &Bhattacharyya.P&Carman.M.J.
2017). As a result, sarcasm detection is a veryorntapt to filter out noisy sarcastic sentences

from the comments or posts to know the right fagdiand opinions of users.

In addition to this, there are so many public amiygbe organizations use a comment and
recommendation boxes around their offices to knmsirtcustomers view. To know the polarity

of their customer’s opinion, first the sarcastiaetthe opinion should be checked. All these are



indicators of the importance of sarcasm detectstartiment analysis. Therefore, this research

study investigates the possibility to design andetlp a sarcasm detection model for Amharic

language. The developed sarcasm detection modélnitiaric language, has been addressed the

following research questions;

1. How well do machine-learning algorithms work wheamcastic in texts written in Amharic?

2. How are Amharic lemmatized texts parameterizedtlier detection of sarcasm when words have
several contexts?

3. To what extent the developed sarcasm detection Imddatifies the sarcasm from non-
sarcasm text?

1.3.0bjectives of the Study

1.3.1. General Objective

The general objective of the research was to demigihdeveloped a sarcasm detection model for

Ambharic lemmatizes texts.

1.3.2. Specific Objectives

To achieve the general objective of the studyfdHewing specific objectives were set
» To prepare labeled lemmatize texts used for Amtsaicasm detection model,
» To design the general architecture of Amharic sarcdetection model and sentiments in
order to identify sarcasm from Non sarcasm,

» To evaluate the performance of sarcasm detectiatehior Amharic texts,

1.4.Scope and Limitation

Sarcasm detection is a complex and recent reseégcipline that requires the effective analysis

and processing of documents. The system would bigrtkd to analyze Amharic sarcasm after
collecting and preparing corpus from different ®urconsidering sarcasm detection. The
research study also was include the design andlelielopment of sarcasm detection for the
Ambharic language text. However, the generation seatching of sarcastic sentences would not
include. In sarcasm detection, one of the problenes the domain, in this research

AbebeTollabook review and Face book posts and cartsrigas been used and data extracted

from these sources. In addition to this, due teirtikomplicated nature, Amharic proverbs

6



“PANLPA1IIC", and Amharic poems and poetrieg'tASNT17T 9" have been out of the

scope of this research work.

Furthermore, this research work has been limiteteit-based sarcasm detection model and

titled as “Sarcasm detection model for Amharic’text

1.5.Significance of the Study

Detecting sarcasm was one of the very importantddian natural language processing.
Sentiment analysis and text summarization takimgasaic statements literally might result in a
completely incorrect analysis of the data. Sarcdstaction can therefore, help to improve NLP
systems like  product review  summarization (text  msamzation), brand

monitoring, dialogue systems, and sentiment armlydarcasm detection could also help in
conflict resolution and many conflicts arise betweeriters and politicians/celebrities due to a
misunderstanding of sarcasm in written text, whialm be avoided through effective sarcasm
detection. In the current business and politicalagions, knowing what other people think is a

determinant factor in decision-making.

The Amharic sarcasm detection model can be useal ¥ariety of tasks since the findings of this
study can be used as an input to the creation ocbraplete sentiment analysis system for
Amharic. Some of them are::
» Businesses and organizations can utilize the sygiamt down on the costs associated
with gathering consumer sentiment and opinionsdpcoreview mining, service
analysis, market intelligence).
» Individuals (who are curious about other peoplpigsions, can utilize it when making
purchases, using services, or locating viewpointpdlitical issues).
» The technology can be used by government intelligea identify sarcasm and analyze
people's sentiments on a certain topic.
Most of the time, we use sarcasm to protest agthesactions of governments or

individuals, or to convey a contradictory message.



After this research, it is possible to easily idigrgarcastic and non-sarcastic speakers of
any community when using a website.

1.6.Thesis Organization

The thesis was organized into five chapters. Ch&pte: is an introductory chapter, which gives
a brief introduction about the study. It also déss the problem that constitutes the basis of the

paper, objectives of the study, significance arapsaf the study.

Chapter two: focuses on reviewing relevant liter@guon Sentiment analysis that are necessary
to understand the methods and terms that are undsatlin the parts of the thesis. Finally, a few

researches, which address problems similar testhy, are reviewed.

Chapter third: of this thesis was devoted on dbsuyi different algorithms and performance

measures that are employed during model buildingpenformance evaluation.

Chapter four: is concerned with understanding thgieation domain and the dataset selected
for the study. We have implemented the experimgntdnsidering classifiers, dataset, dataset

split ratio, hyper parameters in ANN and othersasables

In chapter five: Conclusion and future works thesis



CHAPTER TWO
LITERATURE REVIEW

2.1.0verview about Sarcasm

Sentiment analysis is semantic based natural layggpeocessing task performed by identifying
the sentiment of the given text or sequence eilositive or negative. However, presence of
sarcastic components in the given sequence magesetttiment analysis task more challenging.
Therefore, we have to have checked whether thesiesercastic expression before deciding the

sentiment of the sequence.

Sarcasm detection was a behavioral based sentimdataction and identification of an
expression of a negative events and conditions wifhositive expression. However, in text
mining detecting sarcastic sentences automaticaldy difficult task (Witten, I. & DATA, M.
2005).

It has been addressed by different researchedgfarent time and different genres /category/
such as a comprehensive study in the field of opinnining (B. Pang. 2008), ‘yeah-right’
pronunciation in spoken form based sarcasm deteciio (Tepperman, J &Traum. D
&Narayanan.S2006), the influence of different lakitactors like interjections and punctuation
symbols in recognizing sarcasm in written form ki Kreuz& G. Caucci,2007) and a detailed
expression and discussion of sarcastic datasea@atgn in (Kreuz. R & Caucci.G2007, April)

and others.

2.2.Approaches and Techniques of Sarcasm Detection

There are different approaches to the problem msan detection. The most commonly applied

techniques for sarcasm detection are describeallagvs.



2.2.1. Rule-Based Techniques

Rule-based methods use particular evidence to neowgarcasm.

This evidence recorded in aspects of laws basedumasm indices. It has two sub-elements: the
first focused on semantics; the second focusedatistics. Polarity in sarcastic phrases, parsing
and many other are widely used semantic base@gyréFila ova, E. 2012 May). The statistical
method was used for finding the statistical infotiora of different components of the sequence
that can be used to generate the rule and evalbateule-based detection. The Rule based
approaches have been using statistical formulagbéesatures such as tags, oddness, mental
situations, fashion, and voting behavior (Arif, RD21). The Google search, Linux dictionary,
slag word dictionaries, Twitter normalization toalsd bootstrapping algorisms are the backbone
tools andtechniques for rule based sarcasm deateclibe phrase-based technique such as
[VERBPHRASE] + [SITUATION PHRASE] also used as gpeoach in rule-based techniques
(Kumar.L&Somani.A& Bhattacharyya, P 2017).

2.2.2. Shallow Machine Learning Approaches

Shallow or conventional machine learning approachese used widely in different line of

researches for the task of classification, detactidentification as well as prediction. These
approaches include SVM, decision tree, Random foresve Bayes, k-nearest neighbor and
logistic regression (Huang.K&Altosaar .J &Ranganakh 2019). All these approaches are
statistical based approaches i.e. statistics isnthm building block. They are highly human
based feature engineering approaches. These camenViL approaches are suitable for low-
ranged data variation and data size. They alsaldaifor bi or tri labeled classifications i.e.dvi

tri classes.

Support Vector Machines (SVMs) Support vector machines so called, as SVM ispesiised

learning-based algorithm, which can be, applieédpplication AL tasks such as classification
and regression. It can be applied as a classificdtiled as support vector classification (SVC)
and as a regression tool as support vector regre¢SIVR) (A. Yadav 2018). It was mainly

applied on tasks with smaller dataset as it takesldng to process. In our research, we have
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been focusing on SVC as a classifier. SVM is itfqgrens the classification by finding a hyper

plane to separate the features into different domai

® :spam
) : not spam

()

(a} Hyperplane

Hyperplane

Figure 2-1 hyper plane separation in SVM

Let’s consider “m” dimensions: thus, the equatibthe hyper plane can be

¥ = Wy 4+ WX + Wals + Wilkz....

m
= Wy + Z WG
i=l
=y + W' X

= b+ lt"l-x . .
Equation 1Hyper plane calculation

where, Wi = vectors (W0, W1, ...... Wm), b = bias (WaQaX = variables.

Decision Tree Decision Trees (DTs) are the most useful supedvisarning-based algorithms
(Nguyen . M2018). In supervised learning, our emgstdata waslabeled and we know which
behavior we want to predict in the new data we iobtBTs algorithms are perfect for both
classification and regression tasks. They are mdhe popular for a variety of reasons, being
their interpretability, which is their most impantaadvantage. They are very fast and easy to
understand. This opens their possibilities to kefgrable out of other shallow ML algorithms
and being in front in many scientific research ool
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Root Mode: is the beginning of a tree | |
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Figure 2-2 Decision tree structure.
DTs are applied a top-down approach to data bypdri® group and label observations which are
similar between them, and look for and provide ltlest rules that split the datasets which are

differences between them until they reach certegree of similarity.

Random Forest as forests are the collections of many trees, &Eghe collections of a large
number of individual decision trees that operatarmgnsemble technique (Yiu, T. 2019). Each
individual tree in the random forest performs assl@rediction and finally the class with the
most votes becomes our model’s prediction. Thedowelation between models is the key. The
reason for this wonderful effect is that the trpestect each other from their individual errors.
Even if some trees may be wrong, many other tresshe right, that results in a group the trees
are able to move in the correct direction. So thathy most of the time RFs based models are

good on classification

2.2.3. Deep Neural Network based Techniques

In deep neural network (DNN), we have one or madeldn layers between input and output
layers. At each layer but excluding, the inputacteunit can be computed as the weighted units
sum from previous layer. In order to apply to theut of a unit, for obtaining a new input
representation from previous layer, non-linear gfammation, or activation function, such as
logistics, tanh or rectified linear unit (ReLU) che used. There are weights on links between

units from one layer to another layer.
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Figure 2-3 Deep Neural Network (Loke, R &Kachaniuk, O &HamipS &Quix, C &
Bernardino .J 2020)

Due to the large number of parameters DNN, thewll\sneed a larc-scale corpus. So that, it
always hard tarain a network that can generalize well with lieditdate

A recurrent neural network (RNN) is able to process a sequence of arbitrary lengt
recursively applying a transition function to itgarnal hidden stateector of the input sequen
(Liu. P &Qiu . X& Huang, X 201i). In order to handle the previous sequential infron for
the next sequences by using different gates asrpistandler. It may be unidirectional

0 6 0
Unfold

Figure 2-4How RNN Works (Ghauri, J.A &Jomma. H. S. 20

bidirectional.
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The output Y’ is derived from the input sequenieé by applying hidden functions. Each output
‘yi’ is the set function result of ’xand hidden stategh). It has approaches such as simple RNN
with only input and output gates, Long Short-Terrarivbry (LSTM) which has a forget gate in
addition to input and output gates and gated reotiunit (GRU) with update and reset gates in
addition to all gate of LSTM (Sherstinsky.A 2018).

L ]_“ Gl . Do x—}_)_\l’

Simple RNN L5TM GRU

Figure 2-5 Simple RNN, LSTM and GRU architecturg(iyen.M2018

Convolutional Neural Networks (CNNs) (Salehinejad.H&Sankar.S&Barfett.J&Colak, E
&Valaee. S (2017) were the convolution-based nétwdollowed by pooling techniques. CNN
has parameter sharing, sparse interactions, andaggnt representations as advantages over
others. Instead of fully connected networks, thealaconnections and shared weights in the

network are utilized, for utilizing the bi-dimensial structure of input data.

Feature Feature Feature Feature Hidden Hidden
Inputs maps maps maps maps units units Dutpul:s
3@32x32 32@18x18 32@10x10 48@6Ex6 48@axd 768 500
Conwvolution Max-pooling Convaolution Max-pooling Fatten Fully Fully
5x5 kernel 2u2 kernel 5x5 kernel 2u2 kernel connected connected

Figure 2-6 Convolutional Neural Network(Abad Magin J 2020)

In the hidden layer (s) different convolutionaltdils, activation functions and pooling are used.
Most widelySoftMax classifier was used followingttened fully connected layer. Recently
CNN is widely used in NLP tasks for character leeatbedding (Dos Santos.C&Zadrozny,
B2014, June) that has a critical role for capturnage words representation especially in
morphologically rich languages.
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2.3.Amharic Language

Amharic (G°T.9", Amanfifia) is the official language of Ethiopia. It itBemitic language with

ranked on second of Semitic language in the woekt mo Arabic by its number of speakers
(KassaGobena. M. 2011). In Ethiopia, it is thetfiergest language, with a rich history of
literature, and its own alphabets called Fidel (keatie, M. Y &Menzel, W 2009, September).
Unlike Arabic, the Amharic writing system runs froleft to right and consists of 34 basic
characters each having seven forms for each conswenael combination and extra characters
that are consonant-vowel-vowel combinations for sooh the basic consonants and vowels
(Argaw.A. A &Asker.L 2006, September). It has 4 @wers (though variants of other
characters are also used nowadays) with labiovelateer labialized consonants that are
extended from basic characters are about 20. &h Ashharic has more than 270 characters with
each character represents a consonant + vowel rsagjugArgaw.A& Asker, L. 2006,
September).

Ambharic is morphological rich Semitic language, gfhicontains many word forms that occur
rarely, and a new word can be formed by inflatiregng some affixes and a root word or
generated a new word from words from other langsidye adding affixes on it. A single
Amharic word may have many synonyms (Zelalem.M2aB@j creates a different structure for
a sentence but the same or related meaning. Ngtsymonyms words may also have many
antonyms that resulted in an opposite meaninghfereixpression. Furthermore, Amharic words
may have different meanings based on the surrogndords (Sahlemariam, M &Libsie, M., &
Yacob.D2009) i.e. the word may have many conteitedlmeanings. Additionally, in Amharic
language (G. Tsedu 2010) a single event can beessgd using different expression ways i.e.
the language has high language expression vatiabili Amharic language different documents
can be summarized, information can be retrieved exttchcted, or can be paraphrased for the
sake of document analysis, for use of news didiohwor others.
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2.3.1. Sarcasm Detection in English and European Languages

The novel new approaches for automatic sarcasnctamiechave been proposed in (Joshi, A &
Bhattacharyya. P & Carman, M. J. 2017). They hdefirst and the only authors who have
considered the three milestones in sarcasm deteosigearch’s history. The semi-supervised
pattern mining for the sake of identifying the imepl sentiment and hash tag-based supervision
have been implemented. Using context with in tatget has been proposed. For the sake of
capturing the sarcasm evidence in the procedurtiodesuch as hash tag sentiment, which does
not match the rest of the tweet sentiment, ruleethaspproach has been proposed. Statistical
approaches were used to capture sentiment chaggesds. However, for morphologically rich
languages using rule-based approach is very clyatignBecause, there is no a defined rule to
the newly generated.

From a machine learning approaches, a winnow dlgorhas been proposed as a new or novel
algorithm in order to detect sarcasm in (Kaushik&Barot.M. P 2016). With similar to
perception algorithm, the new algorithm has beadus train a linear classifier from the labeled
data. Unlike Perception, which uses the schemeredepvative weight-update, winnow uses
multiplicative scheme. It enables to implement msu@erior scheme with in many unrelated
extents. The new algorithm shows the sequence wtifnigtic and pessimistic examples. By
solving N"dimensional QP problem, SVM has been implementedditdnal, Logistic
regression has been implemented. They have usasetdabllected and prepared from twitter for
English language.

A language independent conventional machine legrrapproaches-based model has been
proposed in (Liu, Y &Stoyanov, V. 2019) for detectithe existence of sarcastic expressions in
English and Czech languages. Maximum Entropy (MéxEnd SVM has been used as a
classifier and Brainy as a framework for machirenéng. K-fold cross validation with K=5 has
been used. N-gram, frequency-based patterns andd&Jfave been used as a feature. The

y have been created a large Czech Twitter corpuasisting of 7,000 manually labeled tweets
and use 780,000 English tweets. The proposed nmaxleeves a state of the art in English

language and base point result for Czech language.
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Sarcasm detection on twitter using combined Logid &aive Bayes Algorithm has been
proposed in (Rathan, K &Suchithra, R 2017). Hyp&b@moticons, lexical analysis and
contrast has been used as additional featuresigaistic analysis. The proposed model is the
combined model i.e. conventional ML (which is NaBayes) and Rule based logic. Eight rules
have been used i.e. Hash tag based, contrast, dojpemMN-gram, Emoticon, Naive Bayes,
hierarchical and hybrid approaches related rul€. @ataset has been used to evaluate the
model. The rule-based approach outperforms the@®halL approach because they have used

only 300 sentences.

A bi-directional gated recurrent neural network aoaling neural network has been proposed in
(Rathan, K &Suchithra, R2 017)Bi-GRU has been usechpture a local syntactic and semantic
information over tweets. The pooling NN has beeplemented to extract contextual features
automatically from history tweets. For feature caipig technique contextual component and
local component has been identified. They have deduwn minimizing the loss of the model.

Online AdaGrad, cross-entropy loss, Glove and ftarization term has been used as hyper
parameters. They have used a dataset provided jagédamgan et al in (Zhang, M & Zhang, Y

& Fu, G2016, December). However, the contextualmmgpof each word in the sentence is not

considered.

In (Rathan. K &Suchithra, R.2017) a fuzzy based|@3tering approach as unsupervised
learning and Naive Bayes as supervised learningepoes has been proposed. The combined
features of content words, function words and P&ffams have been used as selected features.
10,000 tweets have been downloaded and used amsetdPrecision, recall, accuracy and F-
Measure have been used as evaluation metrics. gexad in the paper, function words whose
purpose is to contribute to the syntax and it penfdetter than POS and POS-n gram. In
addition, the fuzzy clustering methods are not tmatich effective than naive-Bayes

classification.

In (Mukherjee, S &Bala, P 2017).)a method of beptex-processing and text mining techniques
has been proposed to improve the existent algositbfnrsarcasm detection. The social media

dataset i.e., twitter dataset has been used. Addity, filtered out or reverse analyzed sarcastic
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tweets has been used in order to achieve a compmiekeaccuracy of the classification of the
data that is presented. As the result shows, #ieeldd model has been tested in real-time, has a
capability of capturing live streaming tweets aftdtiering using hash tags, and followed by

performing immediate classification.

A dimensionality reduction algorithm has been psgzbin (Meshki, M. 2014) which does not
advance the enactment of the classifier. Relatigblgrt lengthen English sentences has been
used as a dataset. Even if it does not improvep#réormance of the classifier, it is more
important to recall that dimensionality reductioroyade other benefits, such as classifier's
difficulty reduction. Applying dimensionality redtion is suitable, particularly if the method
used is simple. Gradient Boosting, Random Forestjdion Tree, Logistic Regression Adaptive
Boost, and Gaussian Naive Bayes has been usedsadfiel. Novel features have been used i.e.

emoji and slang dictionary.

In (Prasad, A& G. Sanjana&Bhat, S & Harish, B 200¢tober) the use of machine learning
approach in sentiment analysis tasks has been ggdp@& method that considers each Greek
token’s translation as an additional feature ofuinppas been included. However, the proposed
method appears to bring additional exertion anficdify to the majority of classifiers, gradient
boosting machines uses, and a robust ensemble dpethioch can handle sparsely in well-
known methods for sentiment analysis of high-dinmmd data. The sophisticated sampling
methods have been applied to remove the bias afléissifiers towards the popular class. At the
end, Gradient Boosting Machine (GBM) was found &the greater clarification in terms of

exactness and recall per each class label.

2.3.2. Sarcasm Detection in Arabic Languages

Two different deep neural network-based models afeature-based model has been proposed
in (Santos Moreno & L. 2017). Transformers, RNNgsl deatures-based approach of MLP
classifiers are the separate models proposed ipaper. MLP, SVM, GNB and RF have been
used in feature-based approaches. The dataset roms IDAT@FIRE-2019 (Kayalvizhi, S
2019). BERT has been used by fine-tuning as aftvaner model and achieves the state of the
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art in sarcastic detection of Arabic tweets. LST&RU and GNMT were used as RNN based

models.

Multinomial Naive Bayes algorithm based Arabic sam detection has been proposed in
(Ghanem, B &Karoui, J &Benamara, F&Moriceau, V. &R0, P 2019, December). They have
created 350 sarcastic as well as non-sarcastictsweanually from eleven different trending

hash tags. Preprocessing tasks such as removinpatite tags, removing emoji's, replacing

mentions with a special token and removing URLseha@en implemented. Exclamation marks,
negative words, positive words, multi-dots, and likes have been used as features. Recall,
precision, and f-score measurements have beenasgsaal evaluation metrics. They have used an

old data-mining tool called Weka.

In (Farha, I. A &Magdy, W. 2020, May) a deep leaghimodel has been proposed for sarcasm
detection using Bi-LSTM. They have presented a Aeabic dataset called AR Sarcasm dataset.
The dataset contains 10,547 tweets; out of thesjrat 16 %, which is 1,682, are sarcastic. ReLU
Activation function, Adam optimizer and dropout kaween used as hyper parameters. Based on
the result they have achieved, they conclude taetasm is a challenging task, and it relies
heavily on the context, world knowledge and

Cultural background.

2.3.3. Sarcasm Detection in Amharic Language

The only work of sarcasm detection in Amharic laaggl is by Minyibel in Bahirdaruniversity
(Tsegaw, M. 2020). Shallow machine learning appreacased model has been proposed for
detecting sarcasm form Amharic sentiment text. SYMN and RF has been used as classifiers.
800 balanced labeled datasets have been prepatadead to evaluate the proposed approaches.
Pre-processing, detection of sentiment words, weagbignment and polarity classification has
been implemented as step-wise tasks. Unigram feaeotor has been implemented. Precision,
recall and F1-score has been used as an evaluagtits. As a result, discussed in the work,
SVM outperform the other algorithms. However, ussamtiment checker is not granting us for
checking ability of sarcastic texts. Furthermoreprder to check the polarity of terms we have
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to have contextual meaning for each word, which natsused in this Minyibel. Additionally,
the hash tags, emojis and other promising indisatbsarcastic expressions are not considered.

2.4.Chapter Summary

Due to the increasing numbers of researches iniemadetection, the sentiment analysis has
been getting to be focused on it. However, detgcsentiment faces challenges from the
existence of sarcastic sentences. In order to dhigechallenge most researchers have been
contributing their effort on sarcasm detection iffedent languages starting from preparing,
sarcastic datasets from news as well as diffetiakbmedia to developed the models that have
a capability of detecting sarcastic. Most reseaschave been developed models based on deep
learning, Shallow machine learning and logic rufeg€nglish and European languages. On the
other hand, in Semitic languages (Arabic and Anthdhiere are some works only. This is due to
the language natures. Especially these languagdswarresourced and morphologically rich. In
our research, we have adopted the manual datasgdrption methodology, Shallow machine
learning approaches that are mostly suitable forllsmatasets and hand created feature

selections such as word counting, n-gram existehwerds, and others.
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CHAPTER THREE:
METHODOLOGY AND DESIGN

3.1.Introduction

This chapter introduces the proposed methodologiesyatic architectures and implementation
in detail. It also includes the data source, datéection and dataset preparation process. We
have used Face book and AbebeTolla’'sFaceBooksdasaasource and prepare labeled dataset.
We have implemented different data preprocessiognigques in order to remove noises from
the prepared dataset. We have used techniquesafwr ¢trafted feature engineering and used

different shallow machine learning approaches.

3.2.Data Collection and Dataset Preparation

Trains on the data taken from real world can appiyervised machine learning approaches. To
do so, we need good quality data, which is difticalthe case of Sarcasm text. Since sarcastic
text were found on social Medias, entertainmentte@snand some Amharic books, we have
started by collecting data from different sourcé¥e have manually collected from
‘AbebeTolla’s’ “Mitsetoch 2 and 3” books and fronsH-ace book blogs, different Face book
groups and pages, YouTube viewer comments and rBaleghannels. Since we have proposed
supervised machine learning approaches, we habhave a labeled data. After collecting data
with the help of Amharic linguist, we have labelbg sentences as sarcastic or as non-sarcastic
so that our classifier can build the model. We ladbéhe sentence if it tries to convey positively

the reader for the negative event or vice versa.
3.3.Tools and Techniques
We have proposed supervised approach, which is ainthe well-known techniques for

sentiment classification (Belete, M. 2013). Fivaimprocesses (phases) would be employed in
applying sarcasm detection for Amharic language.
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1. Preprocessing- the text of a document would be converted iratadhat a ML algorithm
can analyze. We would implement normalization, @place homophone characters, which
have different symbols. Tokenization followed bymeval of stop words, removal of
punctuation, and stemming for effectiveness anttieffcy improvements will be the next
process we would apply.

2. Vocabulary building: - the second step is creating vocabulary of wdrglsising unigram
words from the collected data. This task was useddtilding a dictionary of sarcasm as
well as non-sarcastic sentence and finding the amd intra frequency of each words in the
provided group of sentences.

3. Frequency counting - in this step, we would take the word from tleeabulary and count
for how many times the word has been used in rtgetagroup (intra frequency) and in the
other target group (inter class frequency).

4. Feature selection ES): this was the important step in text classiftcg used to construct
vector space, which improves the scalability, efficy and accuracy of a text classifier.
Mainly it focuses on selecting the subset of fezgurom the original data. in order to select
the features, we have used threshold value for artd intra frequency.

5. Classification: the final step is applying machine learning aifpons to classify Amharic

sarcasm texts into pre specified categories (sareawl Non sarcasm).

We use a machine learning algorithm:-machine legraigorithm was the method by which the
Al system conducts its task, generally predictingpat values from given input data. The

following machine learning approaches would be iagdpl

3.4.Proposed model Architecture

The proposed model is the combinations of the mhoa@ processes starting from dataset
preparation to testing and evaluating the modettFhe collected data has been annotated with
sarcastic or non-sarcastic labels. Noise (sucleesopal tags as @, tabs, repeated texts, links and
others) removal, tokenization and normalization applied or labeled data. On the pre-
processed dataset, feature engineering such asdeslection has been implemented. By using
generated features, we have applied shallow madbameing approaches in order to classify the

text as sarcastic or non-sarcastic. Finally, wesHaad the saved model and test using test set
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Figure3-1 Proposed model architecture

3.4.1. Data Preprocessing

After collecting Amharic sarcastic text documenig have implemented preprocessing by
applying normalization on words, removing noisesd aokenization. There are different
Ambharic letters that have the same sound and sitdrd might be used interchangeably in a
given word. Normalization handles such type of msistency in writing words by changing
characters of the same sound to a common form.eNosich as @, non-Amharic text

components and personal tags, decrease the neafniss data, so we have to remove these.

The other preprocessing is tokenization.
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We have implemented this process to representekesequence with word token level. In
Ambharic writing style, most punctuation marks wattached to words and Amharic has not any
tokenize to separate these but English and Europmaguages have. To do so we have
developed my own algorithm to separate Amharic wdrdm punctuation marks, emojis and

hashtags.

Normalization: this process was not only applied for charactératgso for punctuation mark (!)
and emojis. Most of the data we have collected e than 3! Marks as well as more than
three emojis. We have specified the number of esva)d exclamation marks to 3. To normalize
words in the documents, we have used the followaiggrithm. See all same sounded characters

in appendix A

Algorithm for Normalizing the word:
toBeReplaced = [‘dv’, “aft’y cony 8% oy Py oy B, ...]
replacedBy = [<&F, U7y cc.y “AF, ooy Ay ooy B ..]
Replaced = 7
Normalizer (Word):
For Each Character in the Word:
Check the character in to be replaced
Ir Yes:
Add Replaced with the equivalent index char from replacedBy
Else:
Add the character to the Replaced
Return Replaced

Figure3-2 algorithm for word normalize

Noise Removal: To extract non-Amharic words and characters froim documents we have

used the following algorithm
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Algorithm for Extracting Non-Amharic words:
Store = «~
Extract (Word):
For FEach Character in the Word:
Check the character whether it is Amharic
If Yes:
Add to Store
Else:
Cortinue

Return Store

Figure3-3 Algorithms for extracting Non-Amharic cpanents

Tokenization: To separate Amharic quotation marks and speciatackers from the word
(Amharic Tokenize), we have used the following ailipon

Algorithm for Separating quotation marks from the word:
Separate (word):

newWord = «”

quotations = lists of quotation marks

For each char in the word:
Check if the char is set of quotations
Yes: append white space followed by char to newWord
No: append char to newWord

Return newWord

Figure3-4 Algorithms for separation quotations apkcial characters from words
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3.4.2. Feature Engineering

Feature engineering is the process of using dokrawledge to extract features from raw data
using data mining techniques. These features cbaldised to improve the performance of
machine learning algorithms. Feature engineerifgtsfmainly have two goals:
> Preparing a proper input dataset, which is comfgatiith requirements of machine
learning algorithms?

» Improving machine learning models performance

Feature engineering is the backbone of any madeemaing algorithm either shallow or deep
machine learning. In this thesis, we have propag®sallow machine learning approaches for
detecting Amharic sarcastic texts. So, the techriézure engineering is done by human. We
have used handcrafted features. Feature enginefnirghallow machine learning approaches

was the procedural process performed by extrattiaigires followed by feature selection.

3.4.2.1. Stemming and Lemmatization

Stemming, together with lemmatization, was a commethod in NLP. The goal of the
method was to reduce the amount of inflected wbydstripping the prefix suffix &infix of
the word to retrieve a "base form” of the word imBAaric . Stemming was built upon the
idea that words with the same stem are close immgand that NLP will be improved if
such different words can be grouped together tosorge term [Porter, 1980], consequently
in Machine learning the number of features cangoeiced if stems are used instead of the
original words .

In the example of the worddme, *anfme, (fin--) = P9, EYOLAE(P-----92h,--11-1).

By using, inter and intra frequency we should nundfd¢ext frequencies decrease with

increase Feature extraction.
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34.22. Feature extraction

Feature extraction was a process of dimensionadiyction by which an initial set of raw data
was reduced to more manageable groups for progegsioharacteristic of these large data sets
was a large number of variables that require aotatomputing resources to process. Feature
extraction was the name for methods that select /andcombine variables into features,
effectively reducing the amount of data that must @gyocessed, while still accurately and

completely describing the original data set.

We have created two documents based on their, dassvas a document that contains sarcastic
sentences set and the other contains the set efarcastic sentences. By considering these
documents as a separate class and calculate theregjuency (intra class frequency) of each
word in their classed document. In addition to temord frequency, we have proposed and

developed a novel frequency which we cailhier class frequency (INC)

Inter class frequency (INC): It was the counted occurrence of the word fronsgla in class 2

and vice versa. In our case, INC is the frequerfiay@ word from sarcastic documents in non-
sarcastic document and the frequency of the warth fnon-sarcastic documents in sarcastic
document. As decision technique, we have statethe “Mighest INC indicates the lowest
importance of the word as a representative feaam@ the lowest INC indicates the more
important word”. If the word exists in both docuntgnthis word is not the representative

feature. Because, this word is a top word.

Intra class frequency (term frequency): The other technique was intra class frequency or
simply word or term frequency. It is the way of ating the occurrence frequency of the word in
its own class. This technique was used in termuieaqy - inverse document frequency (tf-idf).

The following figure states the algorithm developedinter and intra class frequency counting.
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Algovithm for Inner and Inter Class Frequency:
FrequencyCounter{word, ClassedDocument):
Count the occurrence af the word in the target document
Return result
SarcasticVFocab, NenSarcasticFocab
For Each word in the SarcasticVacab:
1: Intra class frequency {term frequency)
Count the frequency in Sarcastic document
Result = FrequencyCounterfword, Sarcastic Document)
2: Inter Class frequency
Count the frequency in Non - Sarcastic document
Resuli = FreguencyCounter{word, Non - Sarcastic Document)
For Each word in the Non-SarcasticVocab:
1: Intra class frequency (term frequency)
Count the frequency in Non - Sarcastic document
Result = FrequencyCounterfword, Non - Sarcastic Document)
2: Inter Class frequency
Count the frequency in Sarcastic document

Result = FrequencyCounterfword, Sarcastic Document)

Figure3-5inter and intra frequency counter algori

Other features: Text pngrocessing includes extraction of emoji and ematidrash tags fror
face book, which were &l into feature selection. the first step, UTR character encodir
wasperformed to store an emoji as a unique sequenbgte$. Then themoiji is extracted from
face book corpus whave used the existence emoji’s, exclamation marks and hi tags as

additional features.

We have consider the three in separat-existence of the features (1#&emé&# and emé&!
Moreover, triexistence (all the three in one sentence). Forcaisgif, the condition istrue we
set “1” otherwise “0”.Therefore from these concepts, we have generated seven donar

features.

29



34.23. Feature Sdlection

Feature selection was the process by which hassubgelevant features, or variables, was
selected from a larger data set for constructingleted The focus of feature selection is to
choose features that represent the data set walktlyding redundant and irrelevant data. We
have used FS for simplifying the learning modelskimg interpretation of the model and the

results easier for the user.

Furthermore, it enables us to reduce the procedsimg which translates, to shorter training
time for the machine due to using just the relewufiset of data. By using inter and intra class

frequency of each word, we have implemented a tiotdsbased feature selection technique.

As if the inverse document frequency inters cldgxfjuency was specified with the maximum
threshold value, whereas the intra class frequemay specified with its minimum threshold
value. Because the highest term frequency may éanbst representative based on the inter
class frequency but the lowest inter class frequeecalways the most representative. The
maximum threshold value for inter class frequerkyset to “0” and the minimum threshold

value for intra class frequency is set to “10”".

3.4.3. Model Fitting and Classification

Model fitting is the process of specifying somegmaeters for the proposed/ designed model and
feed the prepared data. It was an equivalent terrmbdel training in artificial neural networks.
Classification is the process of classifying theegi samples to the specified label based on the

provided features.

We have used SVM, KNN, Random Forest and ANN dsssifier and we have implemented a

model fitting using the generated features as a aladl some specific parameters.

Why SVM?- SVM works relatively well when there was a cleaargin of separation between

classes. It was more effective in high dimensispces and is effective in cases where the
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number of dimensions was greater than the numbseamwiples. It was also relatively memory

efficient.

Why KNN: it was automatically non-linear, it can deteceéin or non-linear distributed data, it
tends to perform very well with many data points. tBe minus side KNN needs to be carefully
tuned, the choice of K and the metric (distancd)daised are critical. We have implemented an

algorithm for selecting the value of K.

Why RF: RFs are impressive in versatility, i.e. can be i@gpfor binary features, categorical
features, and numerical features. Great with higimedsionality, quick in prediction or

classification process and suitable for unbalartzé.

Why Naive Bayes was a classification algorithm for binary (twas$) and multi-class
classification problems. The technique was easteshderstand when described using binary or
categorical input values. It is called naive Ba@gesause the calculations of the probabilities for

each hypothesis were simplified to make their datan tractable.

Why ANN: ANN does not impose any restrictions on the in@riables. ANNs have the ability

to learn and model non-linear and complex relatips We have designed the Sequential
model, which means that we merely need to desthbéyers above in sequence. We have used
Tensor Flow and keras to implement specified ANN.

We have used three dense layers with ReLU activdtioction in hidden layers and Sigmoid at
classification layer. ReLU activation function wased to generate the transformed and summed
weighted input from the dropout layer into the aation of the node or output for that input. It
was used to determine the output of neural netwkekyes or no. It maps the resulting values in
between 0 to x i.e. it takes the result of maxx(0,It is the most and widely used nonlinear
activation function. We have selected RelLU becaudees not activate all the neurons at the
simultaneously i.e. if the linear transformatiortpu is less than zero, the neurons will only be

deactivated
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ANN Model Architecture
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Figure3-6 ANN architecture

3.4.4. Model Testing

This was the final process performed after training, fitiand classification process using the

specified machine learning algorithms. We havestetite saved model by loading it and feeding

the test data set. We have used pickle libranate sis well as load the model.
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Model testing
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/G enerated futures /
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/ Predicted label /

Figure3-7 Model testing

3.5.Evaluation Metrics

We have used confusion matrix to know the truetp@sitrue negative, false negative and false
positive. We have used precision, recall and freses an accuracy measurement throughout the
label assignment for each sample taken from trgiaswell as testing sets. The accuracy can be

calculated as

Accuracy = TP+TN
y TP+TN+FN+Fp

Where, TP is true positive, TN is true negative,isfalse negative and FP is false positive.
Confusion matrix: A confusion matrix is a table that is mainly usedlefine the classification

model performance on a test data set for whiclrtreevalues are known.
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Predicted
FALSE TRUE

Confusion Matrix

FALSE True Negative (TN) False Positive (FP)
Actual Precision
TRUE False Negative (FN) | True Positive (TP)

[
I |

Recal

Figure3-8 Confusion matrix

True Positives were predicted values correctly ipted as actual positive whereas false
positives were predicted values incorrectly presican actual positive. i.e., negative values
predicted as positive. On the other hand, falsatnegs are positive values predicted as negative
where as true negatives are predicted values dlyrneiedicted as an actual negative. These

values are used by precision and recall.

Precision The precision metric shows the accuracy of th&tpe class. It measures how likely

the prediction of the positive class is correct.

TP
Precision = ———
TP + FP
The maximum score is 1 when the classifier perjedtssifies all the positive values. Precision
alone is not very helpful because it ignores thgatiee class. The metric was usually paired

with Recall metric.

Recall: is a metric that quantifies the number of corngasitive predictions made out of all
positive predictions that could have been madeaReomputes the ratio of positive classes
correctly detected. This metric gives how goodrttaglel is to recognize a positive class.

TP

Recall = ——
TP+ FN
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Unlike precision that only comments on the corrpositive predictions out of all positive
predictions, recall provides an indication of mépesitive predictions.

F1-score F1 score is a weighted average score of thepiosdive (recall) and precision.

3.6.Development Environment

Python: Python is easy to get NLP packages and it is podven text processing. We used
Python programming language to write the sourcee @ddhe parser system. Python is a general
purpose and high-level programming language. Bec#usas Robust Standard Library, Many
Open Source Frameworks and Tools, and ReadableMaidtainable Code, we have used

Python throughout the whole implementation phases.

Keras: Keras is a high-level library that was built @ptof Theano as well as Tensor Flow. It is
used to provide a scikit-learn type API (that h&erb written in Python) to build a Neural
Networks. It enables us to quickly build neural watks without worrying about the

mathematical aspects of numerical techniques, taigebra, and optimization methods.

Tensor Flow: Tensor Flow is Google’s gift to the developers ired in Machine Learning. It
makes the power of ANN accessible to the peopleuirsuit. We have used this to implement
ANN model.

Matplotlib : Matplotlib was a visual plotting tools libraryrfthe Python programming language
and its numerical mathematics extension NumPymybrdsed for plotting different states during
training the model. It was used to display différgraphs in python programming environment.
We have used this library for plotting the trainisugd validation loses and accuracies. Some also

uses this library for plotting the attention resudiith their weights.

Pickle: Python pickle module was used for serializing atelserializing python object
structures. The process to converts any kind digoytobjects (list, dict, etc.) into byte streams
(Os and 1s) is called pickling or serializationflattening or marshalling. We have used this

library to save and load the model trained by déifie machine learning algorithms.
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CHAPTER FOUR
EXPERIMENT AND RESULT DISCUSSION

4.1.Introduction

We have performed different experiments to decitiecelwmachine learning approach is best for
our data. Thanks for the proposed experimentabreeemethodology, we have implemented the
experiment by considering classifiers, datasetstsplit ratio, hyper parameters in ANN and
others as variables. In this chapter, we have dsaul the experimental setups, dataset

description, performance result and detailed dsions.

We have used SVM, ANN, RF, KNN and NB as a classifterm frequency, inter class
frequency (novel technique we have used), exclamatiarks, emojis and hash tags as features;

and the labeled data as dataset.

4.2.Dataset Description
As described in section 4.2 we have collected ftata different sources and prepare the labeled
dataset by using Sarcasm and Non-Sarcasm as aoclégsel. We have prepared 1.2K (1,204)
sentences in total. Out of these, 604 are non-siccnd the remaining was sarcastic sentences.

The following tables state the dataset detail aamdpde dataset.

Table 4-1Dataset description in number

Dataset source Sarcastic senten¢es  Non-sarcastenees | Total
Face book 500 520 1020
Book 60 50 110
YouTube 20 24 74
Telegram 20 10 1204
Total 600 604 1204
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Table 4-2 Sample labeled dataset

Sentences Label
Ceninihnd +5FeF 75+ nooolY 705748 Non-Sarcastic
YHAGIONT: T N0 74 7.€0 6 7.€ TH#00 7 TN T49°075 HILLW 787008 /11| Sarcastic
IRt I0anFInt Y A ms

A TIESHTCPF NN ION FRLTI0F nahn 34 78 Ta T em504/1Fm | Sarcastic
oL tanFnIteme e

LLT75enMnmm 3 TINTNnl 1579 9o flmd #1414, Tl H11LE Enl0 Sarcastic

Cequl N3Gl nalllomntaaCnneaonlll €972 :: Non-Sarcastic

MMHGETI. T-CTntagongo[NL5¢ 3479 15992 T97 7570 78 1d 3455 Sarcastic
"

74 P4 2€ T 35mniiL 3009 LL A1 5 HIPovnt IALF 70096 T<N%11/1 | Non-Sarcastic
nétnnsmr4 €09 7101708

4.3.Experimental Setup

For training our model we have used, Desktop witre® i5-8250U CPU @1.8GHz, 8GB
internal RAM and 4GB Graphical Processing Unit (GPUhe internal graphics card supports
the training by customizing the high-performancef@rence for python and visual studio code.
For evaluating the model, we have conducted expmarisn As shown in table 3 we have used
0.1, 0.2 and 0.3 split ration.
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Table 4-3 Dataset Distribution

Distribution | Split ratio | Training Testing
1 0.1 1084 120
2 0.2 964 240
3 0.3 843 361

We have used ANN approach, so we have used thewiollj hyper parameters. Activation
function (ReLU in hidden layers and sigmoid in siéier layer), optimizer (SDG), epoch
number (100), loss function (binary cross entropydden size 36 and output 1.Furthermore, we
have selected 167 words from frequency based fesatamd 7 combined features from emoji,
land #-tag. We have used the total of only 174dfieatiimension.

4.4 .Performance Evaluation
We have used ANN, KNN, SVM, RF and NB classifiaide have achieved different test result
for a similar train test split ration. The most iising split ratio (70-30 or 0.3 split ratio) has

been decided based on ANN result.

Table 4-4 Test result on three split ratio usirfiedent ML approaches

SplitRatio | ANN SVM KNN (k=10)] NB RF

90-10 92.17 92.84 89.69 90.45 92.97
80-20 93.29 93.01 90.82 89.95 92.81
70-30 94.05 93.32 91.44 88.90 92.76
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Amharic Sarcasm Detection model result

95.00%
94.00%
93.00%

92.00%
91.00%
90.00%
89.00%
88.00%
87.00%
86.00%
ANN SVM RF KNN NB

Performance Result

m70-30 94.05% 93.32% 92.76% 91.44% 88.90%
m80-20 93.29% 93.01% 92.81% 90.82% 89.95%
90-10 92.17% 92.84% 92.97% 89.69% 90.45%

Machine Learning Approaches

m70-30 m80-20 m90-10

Figure 4-1 Test result on three split ratio using different ML approaches

Based on the leading result achieved by ANN, héer all the discussion is about the result
achieved on 70-30 split ratio.

4.4.1. Performance result using ANN

Artificial neural network is the current state btart approach for different line of researches
particularly NLP. It copies the conceptual as veslitechnical performance of human brain to the
machine learning process. It has activation fumsti@ptimizers and other hyper parameters. The
first and prior algorithm we have implemented isMMith two hidden layers and one classifier
layer that uses RelLU activation function at hidd@yers and sigmoid at classifier layer. We
have used hyper parameters expressed as defaulisiBy 70-30 split ration we have used 361
samples as test set and 843 as training set. We &ehieved, 98.09% training accuracy and
94.05% testing accuracy.
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Amharic Sarcasim detection Model Lo<s
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Figure4-2 ANN model Loss

As indicated in figure 4-2t loss 0.7, i we increase the number of Epochs the validatios
increase the training loss decrease, this showsthdraining model match with the testi
model, as we increase the data set size the fiptiaglem can be handle
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Amharic Sarcasin detection Model Accuracy
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Figure4-3 ANN Model Accuracy
As illustrated in figure 8 we have used 100 Epo, as the number of Epochs increase there is an
fitting problem, to handle this over fitting probie based on our data set, we tested our experiwién
100 Epochs. Based on teaperimental testinWe have achieved, 98.09% training accuracy

94.05% testing accuracy.

4.4.2. Performance Result using S\

Support vector machine uses the conceptual praafefiading hyper planethat separate the
given data to the given labels or cles. The concept of hyper plargfinding the class bounda
for the given samples. It is the most widely usleallsw machine learning approach and app
for many NLP tasks and particularly for sarcasned@n. We have implemented SVM on-
top of fedure engineering task results. We have specifiedmeters such as C=1, kerne
linear, gamma = auto and degree =3. We have us&ll®vary of SVM as classifier with tr
above parameters. By using 30-split ration we have used 361 samples as té:and 843 as
training set. We have g88.32% testing accurac
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We have used Confision matrix and the result Idides

[184 4]
[10 163]]

Precision for Non-Sarcasti% = 0.94 and for Sarcasti% =0.976

Recall: for Non-Sarcasti% =0.975 and for Sarcast}% =0.942

.0.94+0.975

F1-score for Non-SarcastlcT = 0.9575 and for Sarcasﬁ%'?e’:ﬂ =0.959

4.4.3. Performance Result Using KNN

We have implemented K nearest neighbor algoritheetiaapproach on the top of feature
engineering task results. We have specified paemmsuch as n_neighbors=[1,10] but taken 5,
weights="uniform’, algorithm="auto’. We have usddeighbors Classifier as classifier with the
above parameters. By using 70-30 split ration weehssed 361 samples as test set and 843 as
training set. We had 91.44% testing accuracy.

We have used Confision matrix and the result Idides

[175 14]

[ 18 155]]

Precision for Non-Sarcastic = 0.89 and for Sarcastic = 0.91

Recall: for Non-Sarcastic = 0.90 and for Sarcasticg20.
F1-score for Non-Sarcastic = 0.895 and for Sarcastic 45.9

4.4.4. Performance Result using RF
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Random forest uses a set of numbered decisiondrekeform a forest. Its functionality is similar
with the set of decision trees. We have specifiedlameters such as n_estimators=NE,
random_state=none. We have used Random Forestifleélass classifier with the above
parameters. By using 70-30 split ration we havel B&1 samples as test set and 843 as training

set. We have 92.76% testing accuracy.

We have used Confision matrix and the result Idikdes

[177 12]

[20 153]]

Precision for Non-Sarcastic = 0.91 and for Sarcastic = 0.90

Recall: for Non-Sarcastic = 0.92 and for Sarcastic320.

F1-score for Non-Sarcastic = 0.915 and for Sarcastic 40.9

4.4.5. Performance Result using NB

There are two typical naive bayes approaches oBaissian and the other is multi nominal
naive bayes. We have used gaussian naive bayessbeitee feature we have generated have
related values and GNB was recommended for su@hdfpata. By using 70-30 split ration we
have used 361 samples as test set and 843 asgragti We have 90.45% testing accuracy.

We have used Confision matrix and the result |dikes

[[170 19]

[23 150]]

Precision for Non-Sarcastic = 0.88 and for Sarcastic = 0.89

Recall: for Non-Sarcastic = 0.89 and for Sarcastic.0.

F1-score for Non-Sarcastic = 0.895 and for Sarcastic £0.9

43



4 5.Result Discussion

In most researchers’ results, SVM outperforms otleallow machine learning approaches.
However, to the inverse in my research, ANN outprans SVM by 0.73%, KNN by 2.61%, NB
by 3.60% and RF by 1.29%. This is because of theog reasons:

» ANNs can handle class-based problems by producmobapilities for each class in
contrast with other shallow machine learning appies.

» The model was fixed in terms of its inputs nodeddén layers, and output nodes in
ANN but in SVM, it may reach in number of instancesKNN there will be equivalent
number of neighbors and instances.

» ANNs have different hyper parameters that enabdeto change and reshape the models
to fit with the existing data (selected features).

> ANNSs are suitable for different numbers of engieeieatures
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CHAPTER FIVE
CONCLUSION AND FUTURE WORK

5.1. CONCLUSION

The goal of Sarcasm Detection is to determine wdredhsentence is sarcastic or non-sarcastic.
Sarcasm is a type of phenomenon with specific ¢locary effects on the hearer, such as to
break their pattern of expectation. From the ctdldcdataset, irrelevant symbols need to be
removed. Cleaning text and spells during prepracgssharacter normalization, tokenization,

punctuation mark removal and stop word removal wereluct.

Machine learning algorithms do not process texinpsit and text encoding in another format.
TFIDF was applied for vectoring the dataset or éiog text in numeric for traditional machine
learning models. From the literature, SVM outparfer other shallow machine learning
approaches. However, to the inverse in our resealN outperforms SVM by 0.73%, KNN by

2.61%, NB by 3.60% and RF by 1.29%. This was bexaisANNs can handle class-based
problems by producing probabilities for each classcontrast with other shallow machine
learning approaches.

At the end, we will implement Artificial Neural N&brk-Nearest Neighbor, Support Vector
Machine, Random Forest, AND Naive Bayes as classifiin our experimental result ANN
outperform traditional machine learning classifiez have achieved, 98.09% training accuracy

and 94.05% testing accuracy using ANN.

The main contributions of this study are:
+ Preparing Amharic multiword expression corpus frdifferent source.
+ We proposed model for Sarcasm Detection Model farhAric Lemmatize Text
Using machine learning approach.
+ We compare the result of traditional machine leagrio suggest the best algorithm

for the prepared dataset.
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5.2. Future Work

This task can be extended in various ways to opénthe task of detectingarcasmmodel for
Amharic Lemmatize Text. Researchers and practit®omeFuture work integratingarcasnwith
NLP Applications such as machine translation, IR,,esince this thesis word not specific to
integration. However, this research only gatherad ased one thousand two hundred four
sarcasm. As a result, future research to carryegperiment on sarcasm Detection Model for

Amharic Lemmatize Text with more dataset.

A large number of data set is required to achieweximum accuracy for deep learning
algorithm, so future work need to consider la@@poraor use an augmentation technique on
existing datasets will be my future work, since ave not work on augmentation techniques as
well as large data set size. In future work, weisah\for conducting the experiment using

word2vec feature extraction technique.
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APPENDIXA: annotating and correcting the data collection
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APPENDIX B:Data set vector
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APPENDIX B:NS-vocab
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APPENDIXC:S Vocab
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APPENDIXD:NSarc_frequency
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APPENDIXE:Sarc_frequency
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