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ABSTRACT

This paper presents effect of preprocessing on Long Short Term Memory (LSTM) based
sentiment analysis for Amharic language. Sentiment analysis or opinion mining is an
approach used to analyze user generated textual contents to a way that is important
for decision making. User generated textual contents are found everywhere such as,
social media posts, product reviews blogs and form. Developing sentiment analysis is
a challenging task due to different writing styles and variation of word meanings. To
analyze the sentiment of these textual contents, several approaches use labeled lexicons.
In the preprocessing step of the approaches, Emojis are removed and words are stemmed.
However, Emojis are usually used to express opinions.

In this research, we propose to use Emojis to automatically label texts for sentiment
analysis. In addition, we investigate the impact of using unstemmed words on sentiment
analysis. To evaluate the proposed labeling scheme on sentiment anaslysis, we conducted
an experiment using 9,138 Ambharic textual comments. The results show that integrating
Emojis with lexicons for labeling gives 0.55% higher accuracy than using only lexicons.
To investigate the effect of using stemming as part of preprocessing strategy, LSTM
based Amharic sentiment analysis with and without stemming is conducted using 1077
comments. Result shows that applying stemming drops the accuracy of the sentiment
analysis by 6.43% while using long short-term memory based sentiment analysis, and
0.43% while using bi-gram multinomial naive bayes.

Keyword: - Ambharic sentiment analysis, Emoji, Natural Language Processing (NLP),

Sentiment analysis, Stemming.

vi



Contents

|1 Introductiod 1
|1.1 Statement of the Problen{ ............................ 3
1.2 ODJECHIVE « o v v ot e e e e e e e 4

|1.2.1 General Objectivel ............................. 4
|1.2.2 Specific Objectivel .............................. 4
|1.3 Methodologyl ..................................... 5
|1.4 Scope and Limitatiod ............................... 6
|1.5 Contributioﬂ ..................................... 6
|1.6 Thesis Organizatiod ................................ 7

|2 Theoretical Backgroundl 8
|2.1 Ambharic Languagel ................................. 8
|2.2 Challenges of Amharic Sentimental Analysis{ ................ 8
|2.3 Word Representations Approachesl ....................... 10

|2.3.1 Bag of Words Modei ............................ 10
|2.3.2 Term Frequency- Inverse Document Frequency (TF-IDF)l ..o 10
|2.3.3 Sentiment Representation using Word Embeddind ........ 11
|2.4 Deep Neural Networkl ............................... 13
|2.4.1 Recurrent Neural Network(RNN)l ................... 13
|2.4.2 Long Short-Term Memory (LSTM)l .................. 14
2.5 Naive Bayes Algorithm/. . . . .. ... ... ... . ... .. . o . 18

vii



CONTENTS

|3 Literature Reviewl

|3.1 Sentiment Analysis Approacheé .........................
|3.1.1 Lexicon Based Sentiment Analysié ...................
|3.1.2 Rule-Based Sentiment Analysi4 .....................
|3.1.3 Machine Learning Based Sentiment Analysis{ ............
|3.1.4 Deep Neural Networks Based Sentimental Analysis{ ........
|3.2 Sentiment Analysis for Amharic Languagel ..................
|3.2.1 Lexicon Based Sentiment for Amharic Languagel ..........
|3.2.2 Machine Learning Based Sentiment Analysis{ ............
|3.3 Effect of Stemming on Sentiment Analysis{ ..................

|4 Proposed Methodologyl
|4.1 Data Collectiod c e

|4.2 Data Preparation (Preprocessing)l .......................

|4.2. 1 Normalizatiod

B.2.2 Stop Word Removal . . « o v v v v v e e e e e e
4.3 Data ANNOtation . . . v v v v vt e e e e e e
B4 Stemming . . . . vttt e e e e e
k.5 Neural Network Development Steps « « « « v v v v v v e e e e e ..

|4.5.1 Data Splittind

|4.5.2 Word Embeddind ..............................

“.5.3 LSTM Model. .

|4.5.4 Fully Connected Layel{ ..........................

|4.6 Evaluat iod .......

b Experimenté

b. 1 Dataset Descriptiod

20
20
20
21
22
22
24
24
26
27

29
29
30
31
31
32
32
33
34
34
34
34
35

36
36

viil



CONTENTS

b.2 Building Sentiment Lexicons and Emoji4 ................... 37
b.3 Evaluation Metrics{ ................................. 38
b.4 Experimental Setupl ................................ 40
b.5 Development Tools and package4 ........................ 42
......................................... "
5.6.1 Effect of using Emojis for labeling .................... 43

6.6.2 Effect of Stemming on the Amharic Sentiment Analysi§. 48

6.6.3 Annotation CONSiStENCY . . . . .o v v v v v v v e v e, 51

b.7 Threats to validityl ................................. 56

ki Conclusions and Future Works{ 57
k}.1 Conclusiod ...................................... 57
b.2 Future Worksl .................................... 58

|A Normalized characters{ 60
b LSTM modei 61
63

ix



List of Tables

2.1 Different characters with the same sound 8] . ................. 9
5.1 Dataset charaCteriStiCy . . « « v v v v v v v v v o o o o o o e e e e e e e 37
5.2 Table Hardware and Software Specification of the maching ... ...... 40
5.3 Effect of Emojis on data set distribution . . . ... ... ............ 44
5.4 Comparison of LSTM performance with and without Emoji as a feature .. 46
5.5 Comparison of MNB with and without Emoji . . . ... ... ......... 47
5.6 Inflected words and their stem forms of some root wordg .......... 49
5.7 Performance of LSTM with and without stemming . . ... .......... 49
5.8 Performance MNB with and without Stemming . . ............... 50
5.9 Sample Similarity matrix of Automatic annotation and Human annotation 51
5.10 Sample inter-annotators disagreement . ... ... .. ...ttt 55
5.11 Inter-annotator agreement COUNY . . . « « v v v v v v v v v v v v v v v v v v un 55



List of Figures

-1 Word2vec Archetecture[25][50]] ... ... ... ... ..., 13
2-2 An unrolled Recurrent Neural Network[22].] . . .. ... ...« ... .. ... 14
2-:3 LSTM Layers[22][23].. . . . . & o o vt i it e e e e 15
2-4 Symbols used in LSTM Networks[22][23]. ... .. ... ... ......... 15
2-5 Forget layer of LSTM Network[22][23]). ... ... ... ... ... ...... 16
2-6 Input and tanh of LSTM Network[22][23], . .. ... ... ... ... ..... 17
27 Memory cell update layer of LSTM Network[22][23]........... ... 17
2-8 Output layer of LSTM Network[22, 23]] .. ... ... ... .......... 18
B-1  Proposed Approach. . . ... ... .. i it e e e e e e 29
B2 PreprocesSing StePS) . . v v v v it it e e e e e e e e e e e e e e 31
B-3 Sample Annotated Data) . . . . . . . . . i it e e e e e e e 32
B-4 LSTM Network Development Steps . . . . « « « v v v v v v v v v v v v v v v 33
5-1 Training vs Validation accuracy and loss| . ... ................ 41
5-2 Amount of labeled comments in each sentiment class. ............ 45

X1



List of Abbreviations

The following are some abbreviations used in this Thesis document.

BI-LSTM ............. Bidirectional Long Short-Term Memory
CBOW  ...oiiennen.. Continious Bag of Words
CNN i Convolutional Neural Network
CPU i Central Processing Unit

CSV. Comma Separated Value

DNN  ...oeeeeee.. Deep Neural Network

LSTM  ..oieneen. Long Short-Term Memory

ME .. Maximum Entropy

MLP ..l Multi Layer Perceptron

NLP i, Natural Language Processing
NB Naive Bayes

MNB ...l Multinomial Naive Bayes
1\ N Natural Language Toolkit
POS ...l Part of Speech

RNN ...l Recurrent Neural Network
DBN ..ol Deep Belief Network

RNDM  ............. Recursive Neural Deep Model
RF . Random Forest

RNTN  ...ooeaaas, Recursive Neural Tensor Network
SG el Skip-Gram

SVM .ol Support Vector Machine

TE-IDF  .....oooaell. Term Frequency- Inverse Document Frequency

xii



Chapter 1

Introduction

Sentiment analysis or opinion mining is an area in natural language processing (NLP)
that deals with human feelings, judgments, and responses generated from texts [1][2].
Information gathered from a text can be facts or opinions. Facts are true expressions
about certain event or situation, whereas opinions describe one’s feeling towards certain
event or situation [2][36]. Sentiment analysis is one of the approaches that is used to
automatically identify opinions from a text. There are some challenges in developing
sentiment analysis. These challenges are summarized as follows: i) usage of different
writing styles; ii) one word can be positive in one situation and negative in an other.
For example, $h9° @14 Oté LB9° NAT LHLA express a positive feeling but 9 T.o+4
Aornd T LB ORT LBPA express a negative feeling about the same computer; iii) in the
same sentence people usually express their positive or negative feeling in comparative
manner [47].

Before the introduction of the web, organizations conduct surveys by providing question-
naires for different parts of a society to make a wise and effective decision. However,
this time people express their opinion on the web. This increases the need for analyzing
opinionated online content for various purposes. If these on-line contents are properly
and efficiently analyzed, they will have many benefits for organizations, factories, and
service giving companies in many ways. For instance,it helps to determine the success
of an advertisement or new product launch, to give immediate feedback on products, to

determine which version of a product is popular for a customer, to provide services in



a way that satisfies their customers' interest.

Sentiment analysis can be performed at three levels: document, sentence and feature
or entity-aspect level [2][47]. Document level sentiment analysis is the process of de-
termining the overall opinion of a document by assuming that each document is about
a certain entity [47][2]. Aspect level sentiment analysis aims to find what people like
or dislike about entities within a document or sentence. For instance, ¢h9°T@14 O+Fé
LB (AT &8PA the word A+¢ is a feature of the entity h9°T.@t+4 [47][2]. The third
one is sentence level that focus on extraction of people's opinion or emotion in at the
sentence or phrase level. These are two major operations in sentence-level sentiment
analysis these are subjectivity classification which is a determination of sentence either
as opinion or facts and polarity determination of the subjective sentence as positive,
negative or neutral [2][47].

Many researches have been done for resource rich languages, such as English and Arabic.
The researches followed different approaches such as Machine learning approach [28][34],
deep learning [301[31]1[32][341[38][42], Feature based [37], Rule(Linguistic) based, Hybrid
approach [36], and combination of them. However, sentiment analysis for Amharic
language did not get a considerable attention among researchers for the realization of
commercial and business benefits. There are only limited number of research works
on Ambharic sentiment analysis [11[2]1[3][4][5]. The reasons include morphological com-
plexity, spelling variation, in-availability of labeled data, less existence of researched
resources, lack of texts available on the web, inaccessibility and inconvenience to typing
[11[2], character redundancy and absence of abbreviation rules. The few researches on
Ambharic sentiment analysis use approaches such as feature extraction based [2], lexicon-
based [3] and machine learning-based [1][4]. These works have several limitations: (a)
they use stemming as part of preprocessing. Literatures suggested that, stemming may

have a positive [28][53] for or negative impact on Indonesian and Arabic twee [10][14]



1.1. STATEMENT OF THE PROBLEM

sentiment analysis. This is due to the preprocessing we apply may have positive or
negative impact depending on the type of dataset used and type of language it has [28]
and the stemming process[14][53]. Since Amharic is a language that is highly inflectional
and derivative which makes it morphologically complex. The preprocessing applied may
positively or negatively affect the performance. However, there is no previous work that
show whether adding stemming as part of preprocessing affect Amharic sentiment anal-
ysis positively or negatively. (b) previous works that develop automatic labeling system
do not consider Emojis for comment labeling [2][3][5]. Emojis are sentiment carrying
Unicode symbols that are specially used when people face difficulty in expressing their
feeling and opinion using words only [39][40][41]. This thesis focuses on developing
LSTM based sentiment analysis that study the effect of using labeled Emojis and lexicons
on the automatic labeling system, and the effect of integrating stemming as part of

preprocessing.

1.1 Statement of the Problem

Nowadays there are a lot of important data on the web that are difficult to use due
to their unstructured format. However, analyzing this data can help to predict future
products, economic trends and social facts [28]. Social media content is full of impurity
—it contains non-textual contents and numbers that have no meaning. To make real
world data clean and suitable for analysis many chained approaches can be followed.
Morphological analysis especially stemming is one of the techniques used to make these
contents suitable for analysis. Previous Amharic sentiment analysis researches integrate
stemming as part of preprocessing [1][4]. However, it is not investigated whether
stemming will improve Amharic sentiment analysis or not.

The general objective of a sentiment analysis is to classify user generated contents

as positive, negative and neutral. These user-generated contents can be expressed in



1.2. OBJECTIVE

different ways. Some use alphabetic characters, while others use Unicode symbols
(Emojis) or combination of alphabetic characters and these symbols. The previous
researches on Amharic sentiment analysis focus on lexicons for comment labeling and
give little attention to these sentiment carrying symbols (Emojis)[2][3][5]. In this research,
we investigate the use of Emojis to automatically label texts and the impact of using
stemmed words on sentiment analysis.

This research paper will in particular aim to answer the following research questions
(RQ).

RQ1.[Effect of using Emojis for labeling]: Can Emojis be used to enhance lexicon based
automatic comment labeling for Amharic sentiment analysis?

RQ2.[Effect of stemming]: What is the effect of stemming on the Amharic language
sentiment analysis?

RQ3.[Annotation consistency]l: How the automatically labeled data (using Emojis and

lexicons) is consistent with human labeled data?

1.2 Objective

1.2.1 General Objective

The general objective of this research is to investigate incorporating labeled Emojis with
lexicons for comment labeling, and effect of integrating stemming as part of preprocessing

on Amharic sentiment analysis.

1.2.2 Specific Objective
This research paper has the following specific objectives.

* Annotating Amharic comments using labeled lexicons and Emojis.



1.3. METHODOLOGY

* Analyzing the effect of labeling text using only labeled lexicon and combining both

labeled lexicons and Emojis.

* Building and testing the LSTM based sentiment classifier model that can handle the

context of a text.

* Analyzing the effect of stemming on the LSTM based Ambharic sentiment analysis

model.

* Comparing the automatically annotated corpus with the human-annotated one to

identify the gaps in the automatic annotation system.

1.3 Methodology

In order to accomplish the objectives of the research, the following procedure will be
followed

i) Literature Review: Related works on sentiment analysis in different languages and
effect of stemming on sentiment analysis will be reviewed.

ii) Data Collection and Preparation: Sentences will be collected from comments of
movie, music, and politics related videos uploaded on YouTube. In addition, prepro-
cessing activities will be done on the collected sentences to make the data suitable for
analysis.

iii) Data Annotation: The preprocessed data will be annotated using both labeled
lexicons and Emojis to investigate the effect of using labeled Emojis on the automatic
labeling system.

iv) Neural Network Development: A deep neural network specifically LSTM model is
developed.

v) Evaluation: Experiment will be conducted to test the effect of stemming and use of



1.4. SCOPE AND LIMITATION

labeled Emoji on Amharic sentiment analysis. The performance of the system will be

evaluated in terms of precision, recall, accuracy, and F score.

1.4 Scope and Limitation

This research includes the design and development of sentiment analysis for Amharic
Language using Amharic reviews that are collected from YouTube. This research on
LSTM based sentiment analysis for the Amharic language is not limited to textual data
but also consider Emojis, that have changed the way we express our opinion, ideas, and
feeling on a certain situation or events on social medias like Facebook, YouTube and
Twitter [39][401[41]. However, Amharic explicit expressions such as "¢2f®€ A121C" are

out of the scope of this research work.

1.5 Contribution

This research will have a contribution to the sentiment analysis of Amharic review by
classifying the reviews as positive, negative and neutral. This research paper uses Long
Short Term memory based sentiment analysis that can handle the context of a text.

This research paper has the following contributions.

* Designing and developing a labeling system for user-generated comments using both

labeled lexicons and Emojis.

* Carrying out experiments to determine effect of incorporating Emojis for comment

labeling.

* Designing and performing experiments to evaluate effect of using stemmed words

on the LSTM based Amharic sentiment analysis model.

* This research paper collects 9,138 Amharic comments for future researches.



1.6. THESIS ORGANIZATION

* Performing analysis to identify the gaps on the developed automatic annotation

system by comparing the automatically and human annotated corpus.

1.6 Thesis Organization

The rest of this document is organized as follows. Chapter Two discuss a general overview
of Amharic language, challenges in developing sentiment analysis for the Amharic Lan-
guage, and how LSTM and word2vec algorithms work.

Chapter Three discuss previous research works on both resource-rich and Amharic lan-
guage and state of the art approaches for sentiment analysis. Our proposed approach for
sentiment analysis is elaborated in Chapter Four. The experimental setups, procedures,
evaluation metrics, results, and discussion are discussed in Chapter Five. Finally, Chapter

Six discusses the conclusion and future research direction on Amharic sentiment analysis.



Chapter 2

Theoretical Background

2.1 Ambharic Language

Ethiopia is a country located in the horn of Africa with more than 80 nations and
nationalities that have their own language and identity. Amharic which is the working
language of the country is spoken by more than half of the population [1][2][8]. Amharic
uses Geez or Ethiopic writing system that is written from left to right similar to English
unlike other Semitic languages (Arabic and Hebrew) [1]1[2][8].

Ambharic is second largest spoken Semitic language next to Arabic. The number of
speakers of the language is increasing because of the following reasons. First, it is the
working language of Ethiopia. Second, Amharic language is a written language with its
own alphabets that are actively used in newspapers, books and social media [1][2][3][9].
Punctuation Marks of Amharic Language:- Punctuation marks are conventional signs
that help reading and understanding of a written text. The Amharic language has
about ten punctuation signs. However, mostly used signs are the end of sentence called
AratNetib ("::"), question mark("?"), an exclamation of sentence called "#A A25" ("!")

and word separator Hulet Neteb(":") [8].

2.2 Challenges of Amharic Sentimental Analysis

Applications like information retrieval, text classifications or document filtering could

benefit more by the existence and availability of basic tools like stemmer, morphological

8



2.2. CHALLENGES OF AMHARIC SENTIMENTAL ANALYSIS

analyzer, and POS taggers. However, little is known about their effect on classification
performance or retrieval accuracy due to a little number of researches on Amharic
language [7].

The majority of sentiment analysis researches is conducted for resource-rich languages
like English and Arabic languages. The finding of these researches however, cannot
directly be used for Amharic language. Amharic language has a unique characteristic
that are different from the languages used in the studies. These characteristic that could
impose a challenge on the direct use of the defined approaches for other languages are
discussed as below.

Character Redundancy: Some Amharic Language characters have the same sound but
different forms. There is no clear guideline that tells where to use each characters [8].
For instance, the word "avg" ('sun') can be represented in Amharic as aV&, &hg, 212,
0ve, 0Ahe [8], people use the characters v, 4 or -1 and & or 8 interchangeably to write
the same word.

Table P.1 below shows the characters that have different form with the same sound.

Character | Other forms of the character
(H&) v, 7,h,sh and 2

(S4) n, »

(a) h, 0,% and A

(tsé) 0, 2

Table 2.1: Different characters with the same sound [§]

Morphological Complexity : Languages that are under Semitic family are rich in
morphology. As Ambharic is one of the Semitic family, a single word has many variant
forms. For instance, the word A£4n can be inflected to £LCAA, ANLLA, £ALCAA and
other forms.

Absence of Abbreviation Rule: There is no clear rule in abbreviating Amharic words.

For instance, the word "&nh+C" can be abbreviated as &c, &.C, and &/C [8].



2.3. WORD REPRESENTATIONS APPROACHES

Spelling Variation: The same word can be written in different forms. For example, the
word computer can be written as h#°Te+C or hy°T@-+C [2][8].

Less Resource: Amharic Language is one of the least researched and under resourced
language in terms of processing tools and electronic resources [7]. For instance, there is

no dataset for Amharic language sentiment analysis and other NLP researches.

2.3 Word Representations Approaches

The preprocessed data should be changed to a format that is suitable to the neural
network classifier. Mainly, there are three word representation approaches; these are

TF-IDF, bag of words and word embedding.

2.3.1 Bag of Words Model

Bag of words model takes raw data as input and counts the number of occurrences of
each word in a document as output. In Bag of words model, word lists are paired
with their amount of occurrence per document [46][1]. Bag of words may use Unigram,
Bigram, Trigram or N-gram for creating a vocabulary of a document that is used to
classify a document [46].

Unigram, Bigram and N-gram:- Unigram, Bi-gram, Trigram and N-gram are different
approaches for creating a vocabulary. Uni-gram is taking each word as a token and

N-gram is taking N pairs of words as a token, N can be 1, 2, 3 or any other number[28].

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

TF-IDF is another way of converting raw data to numerical features that can be input
to any NLP or machine learning algorithms to discover hidden topics [28][46]. TF-

IDF mainly measures the relevance of words than their frequency count because higher

10



2.3. WORD REPRESENTATIONS APPROACHES

frequency count does not give high information about the document. This makes TF-IDF

better transformation than the bag of words model [28][46].

2.3.3 Sentiment Representation using Word Embedding

Word embedding is the most well-known and widely used word representation approach
in NLP applications that allows words with similar meaning to have a similar represen-
tation. Word embedding is a feature learning technique that aims to map words from a
vocabulary of real numbers into low dimensional space [46][50].

This continuous space representations using word embedding can be computed for cap-
turing both syntactic and semantic information about words [46]. Word embeddings as
input achieved a good performance in many NLP tasks like sentiment classification of
a document by adding semantic information of the documents [46]. Mainly, there are
three well known word embedding algorithms: Glove [16][46][20], FastText [17][19] and
Word2Vec [15][20][50].

Glove: Global vector for word representation is unsupervised learning algorithm devel-
oped by Pennington et al. to get vector representation of words [171[46][20].
FastText: FastText is a library written in c++ for efficient representations of words and
sentences classification in both supervised and unsupervised learning. FastText supports

both continuous bag of words (CBOW) or Skip-gram models [17][19].

Word2Vec

Word2vec which is developed by Mikolov et al [15] is an efficient word embedding model
from the raw text [20]. The word2vec model can be applied in many NLP applications
such as sentence classification, sentiment analysis, and other problems. In word2vec

vectors of the words in the sentence are fed to the classifier model as input to handle

11



2.3. WORD REPRESENTATIONS APPROACHES

the meaning of the sentence.

Vectors of word2vector model give an increase in performance on NLP applications due
to a large number of parameters. Pre-trained word2vec do not need update during
training. This reduces the occurrence of overfitting which increases the performance of
the neural network classifier.

There are two word2vec architectures for learning word embedding namely, Skip-Gram
and a Continuous Bag of Words (CBOW) [20] [25][21][50]. Skip-gram and CBOW are
similar except CBOW predicts a context of single target word whereas Skip-gram(SG)
predicts the context of a sentence using neighboring words [21][50]. Both CBOW and
SG can be used with different window sizes (10, 50, 100, 200 and 300) [21] depending
on the amount of training data. Skip-gram models are efficient with small amount of
training data whereas CBOW is efficient with a large amount of training data.
Word2vec is a two-layer neural network such as input, hidden, and output layers. Input
layer takes input sentences of a corpus represented as Xjx, Xox up to X,k for CBOW and
xi for SG as shown in FigureR-1. The hidden layer processes texts of the input layer
by vectorizing words. Each inputs in the input layer will be multiplied by some weight
represented as Wyybscript N. The output layer gives a set of vectors or feature vectors that
represent words in that corpus. Word2vec gives distributed numerical representations of
word features that are context of individual words. Vectors are represented as yij, Yo
up to y.j fo SG and y; for CBOW as shown in Figure2.1.

The input to a word2vec model is a list of words in a sentence. A sliding window is
used to calculate vectors of each word and distribute the vectors on a vector space. The
vector of a word is updated each time when the word appears more than once in the

corpus [21]. Figure R-1 shows architecture CBOW and Skip-Gram models of word2vec.

12
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Figure 2-1: Word2vec Archetecture[25][50].

2.4 Deep Neural Network

2.4.1 Recurrent Neural Network(RNN)

Recurrent Neural Networks are a subclass of Artificial Neural networks. Decisions made
by RNN are dependent on what is learned in the past and during training in the present.
Recurrent Neural Network (RNN) is a DNN that is adapted to sequence data, and as
a result, the RNN is also extremely expressive [22][23] Recurrent Neural Network has
two inputs, these are the present, and the recent past. When RNN makes a decision,
it considers the current input and also what it has learned from the inputs it received
previously.

During the training of RNN, the information goes in a loop again and again which
results in very large updates to neural network model weights. This large updates makes
RNNs fail in maintaining the gradient called vanishing gradient decent. In theory, RNN

is capable of predicting long term dependencies [22] but the vanishing gradient decent

13



24. DEEP NEURAL NETWORK

makes the RNN not to maintain long term dependencies. Figure shows an architecture

of RNN.

> —(2)
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(%)

Figure 2-2: An unrolled Recurrent Neural Network|[22].

2.4.2 Long Short-Term Memory (LSTM)

A special kind of RNN called the Long Short-Term Memory (LSTM) architecture, as a
solution to the vanishing gradient problem is developed by Hochreiter and Schmidhbur
[22][23][46].

LSTM has the capability of learning long term dependencies, and this enables RNN’s
to remember their inputs over a long period. LSTM contain its information in a mem-
ory that can be seen as a gated cell in which the cell decides whether to store or
delete information based on the importance of LSTM network assigned to the informa-
tion [22][231[46]. The LSTM network can store, write, read, delete information on its
memory. The memory of LSTM is similar to computers memory.

LSTM networks can remove or add information to the cell state using three gates such
as input gate (to let or not to let the new input), forget gate (to delete the information if
it is not important) and output gate (to see the impact of the information on the current
time step) [22][46].

LSTM has been widely used for speech recognition, language modeling, sentiment anal-

ysis,and text prediction. LSTM Networks have a chain-like structure as RNN. However,
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2.4. DEEP NEURAL NETWORK

the repeating modules of LSTM have four interacting neurons instead of a single neural
network layer which is the case of RNN. Figure -3 below shows the interacting LSTM
network layers. The symbols used in Figure R-3 are defined in Figure R-4 with their
corresponding operation.

The notations in figure R-3 are presented below.

@ GY)
T T

(>
= & IN» T
_<

|
& @ L

Figure 2-3: LSTM Layers[22][23].

o — =

Meural Network Pointwise Vector
Layer Operation Transfer

Concatenate Copy

Figure 2-4: Symbols used in LSTM Networks[22][23].

+= Adding information o(Sigmoid layer)
c(t-1)= Memory from last LSTM unit tanh= tanh layer
X(t)= Current input X= Scaling of information(point wise mul-
c(t)= New updated memory tiplication)

h(t)= Current output

o(Sigmoid layer): A Sigmoid layer decides whether the new information should
be updated or ignored. The sigmoid layer gives a number between zero (let nothing
through) and one(let everything through) [22].

tanh (tanh layer): To overcome the vanishing gradient problem, we need a function
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24. DEEP NEURAL NETWORK

whose second derivative can sustain for a long range before going to zero.

Steps to develop LSTM network

1. Decide which information to remove:- First decide which information to remove
from the cell using a sigmoid layer called forget gate layer.

Figure -5 shows a forget layer of the LSTM layer.

()

&y

Figure 2-5: Forget layer of LSTM Network[22][23].

ft = o (W [ht — 1, xt] + bf) — — — [22, 23, 46] (2.1)

2. Decide what new information to store:- After deciding which information to remove
you have to decide what information you are going to store in the cell using input gate
layer (decide which values we will update) and tanh layer (creates new candidate values
that could be added to the network). Figure 2-6 and Equations and R.3 show how

information goes in the input and tanh layer.

16



24. DEEP NEURAL NETWORK

@

hr—l

A

Figure 2-6: Input and tanh of LSTM Network|[22][23].

it = o(Wi.[ht - 1,xt] 4+ bi) - — — — - 22, 23]

Ct = tanh(WC.[ht - 1,xt] + bC) - — - —[22, 23, 46]

(2.2)

(2.3)

3.Update the old cell state into the new cell state:- Update the old cell state by

multiplying the new cell state using what you forget earlier, and then add the new

candidate cell state. The new candidate values is scaled by how much we decided

to update each state value. Figure R-7 and Equation R.4 show how an information is

updated in the LSTM memory cell.

C
‘t—1 Pt

@ >

X
fi tT it a
Cy

Figure 2-7: Memory cell update layer of LSTM Network[22][23].

Ct=ft » Ct -1+ it x Ct — — — —[22, 23, 46]

(2.4)
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2.5. NAIVE BAYES ALGORITHM

4. Decide the Output:- Finally decide the output which is based on our cell state. First
run the sigmoid layer to decide what parts of the cell state we are going to output and
then multiply it with output of sigmoid layer [22].

Figure and Equations 2.5 and 2.6 show how the LSTM network determine the output

based on what it learn in each LSTM layers.

e A

0 o

by

A

Figure 2-8: Output layer of LSTM Network[22, 23].

Ot = o(Wolht — 1,xt] + bo) - - — [22,23] (2.5)

ht = Ot » tanh(Ct) - — - —[22, 23, 46] (2.6)

2.5 Naive Bayes Algorithm

Naive Bayes is a probabilistic model that is based on Bayes assumption [6]. Naive Bayes is
not a single algorithm but a family of classification algorithms that consists Multinomial,
Gaussian and Bernoulli [6]. These Naive Bayes algorithm forms can be implemented
in Uni-gram, Bi-gram and Tri-gram word representation approaches [28][1]. Naive
Bayes algorithms has shown good performance for various NLP tasks including sentiment
Analysis and text classification [1][6][28]. However, in Naive Bayes the probability of
each word in a document is independent of word's position and context [6][28].

Multinomial Naive Bayes generate feature vectors to represent frequencies of events
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2.5. NAIVE BAYES ALGORITHM

based on multinomial distribution. Multinomial model is typically used for document
classification [6][46]. In Bernoulli, events features are independent binary variables that
is popular for document classification as multinomial model. In Gaussian Naive Bayes
each features assigned continuous values according to a Gaussian distribution [6]. Naive
Bayes algorithms are fast relative to other classification algorithms. Naive Bayes needs
enough data to understand the probabilistic relationship of each attribute. The algorithm

performs well, even with less training data [61[46].
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Chapter 3

Literature Review

3.1 Sentiment Analysis Approaches

Sentiment analysis is a process of developing an automated opinion mining system from
sources like text, speech and database. There are many tools and techniques to develop
an automated sentiment classification system from user-generated data. Generally, there
are two main approaches for developing sentiment analysis these are supervised which
uses annotated data, and unsupervised approach that does not need annotated data
[12][13]. Unsupervised approaches can further be classified as lexicon-based, Rule-based
and combination of these approaches [12].

In the following sub-sections, we categorized and discussed sentiment analysis approaches
into lexicon based, rule-based, machine learning based, and deep learning-based ap-
proaches. Related works to Amharic sentiment analysis and effect of stemming on the

sentiment analysis are discussed in section and B.3.

3.1.1 Lexicon Based Sentiment Analysis

Lexicon based sentiment analysis is unsupervised technique. This technique involves
collecting and building a set of lexicon words that have positive and negative polarities.
The collected lexicons combined with some rules of the languages are used to determine
the sentiment of a given sentence.

Muhammed Zubair el al. [27] proposed lexicon-enhanced sentiment analysis framework
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3.1. SENTIMENT ANALYSIS APPROACHES

using a rule-based scheme to improve sentiment detection and classification accuracy. The
developed system worked by Muhammed Zubair integrates a set of modifiers, emoticons,

general-purpose, and domain-specific lexicon words [27].

3.1.2 Rule-Based Sentiment Analysis

The rule-based sentiment analysis approach uses lexicon words and some linguistic rules
of the language [12]1[13]1[18]. This approach has many challenges because it requires
deep knowledge of the language to develop rules. Generating rules is time-consuming
and challenging. It requires a lot of manual work, and the performance of the system
becomes much less because it always generates the rules.

Hutto and Gilbert [18] has developed VADER: a parsimonious rule-based model for
sentiment analysis of social media text using 1,915 and 2291 labeled positive and
negative words. VADER has better accuracy (F score=0.96) than a single human raters(F
score=0.84).

"A Rule-Based Approach for effective sentiment analysis" is developed by Yang and Shih
[13] using 3000 and 442, 509 annotated and un annotated product reviews respectively. A
3 phase sentiment analysis is developed that achieves 72.04% macro-F score and 68.96%
micro-F score measures [13]. These phases are feature extraction, opinion sentence
extraction, and opinion orientation identification.

The last rule based sentiment analysis is a classification of drug reviews using rule-
based linguistic approach [12]. The paper develops a model by breaking a sentence
into independent clauses and applies different rules on the clauses using dataset from
www.druglib.com, and 9630 general, and 10 domain lexicons. The developed model
handles complex rules and gives better performance than class one and two SVM. The
developed model, class one SVM, and class two SVM give an accuracy 78%, 69%, and

74% respectively [12].
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3.1. SENTIMENT ANALYSIS APPROACHES

3.1.3 Machine Learning Based Sentiment Analysis

A lot of research is done on sentiment analysis using machine learning algorithms.
Machine learning approaches can be supervised, un-supervised and semi-supervised.
Supervised learnings require labeled data for training and feature extraction whereas
unsupervised learning techniques do not need labeled data. Approaches based on semi-
supervised algorithms use both labeled and unlabeled data [34]. These machine learning
algorithms may be Naive Bayes,Support Vector Machine (SVM), Maximum Entropy (ME),
Random Forest, and others [28].

Ahmad Kamal proposed to use a supervised machine learning (Naive Bayes, J48, Multi-
layer Perceptron (MLP)) techniques for classifying subjective and objective sentences from
customer reviews. The paper applies linguistic and semantic analysis of texts to mine
feasible feature opinion pairs from subjective sentences that consists of 400 electronic
product review from www.amazon.com [36].

A sentiment analysis that use supervised machine learning algorithm (SVM, RNN, Ran-
dom Forest, NB, and ME) using 752 negative and 1301 positive labeled movie reviews
is presented by Romero Llombart, O. [28]. Pang, B. [35] combine machine learning
algorithms (J48, and MLP) with rule based approaches to develop a sentiment analysis
on Internet movie reviews database(IMDB). In both models SVM has give better accuracy
than other machine learning algorithms. While using machine learning algorithm, one
or more feature transformation mechanism can be used to make the data easy to be
processed by the classifier algorithm. These feature transformation mechanisms include

TF-IDF [28][36], N-gram [28][35][36], Part of speech tag [35][36], stemming [28].

3.1.4 Deep Neural Networks Based Sentimental Analysis

Deep learning approaches are part of machine learning which refers to deep neural

networks [29]. Deep neural networks consist of many networks such as CNN (Convo-
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3.1. SENTIMENT ANALYSIS APPROACHES

lutional Neural Network), DBN (Deep Belief Neural Network), RNN (Recurrent Neural
Network), Recursive Neural Network, Long Short-term Memory (LSTM), Bidirectional
Long Short-Term Memory (BI-LSTM), RNDM (Recursive Neural Deep Model), and RNTN
(Recursive Neural Tensor Network). However, CNN and RNNs are the most widely used
deep learning models for sentiment representation [42].

Deep learning algorithms are influential because they have shown better performance
than SVM and normal networks in many NLP applications including sentiment analysis
due to more hidden layers [30]; their capability to provide training in both supervised/un-
supervised and semi-supervised ways, and their ability to carry out automatic feature
extraction without human intervention which saves time [30].

Deep Neural Networks are widely used in text generation, vector representation, word
representation, estimation, sentence-classification, sentence-modeling and applications
like speech recognition, computer vision and NLP applications [29][30].

Many research works [30][31]1[32]1[33][34][42] are based on sentiment analysis for sen-
tence, micro blog, visual, textual-visual sentiment analysis, and document estimation.
Huang, Qiongxia, et.al., [30] develop a sentiment analysis that combines one-layer CNN
directly stacked on two-layer LSTM with word embedding which outperforms the existing
CNN-LSTM model [30]. The other work on [31] build a CNN-LSTM model with word
embedding which perform better than LSTM, SVM, and CNN models [31].

Dos Santos, C. and Gatti, M. [38], and Severyn, A. and Moschitti, A. [32] develop
Character to Sentence CNN (CharSCNN) for short texts, and CNN with word embedding
for both phrase and message level tasks respectively. The first model use movie reviews
from Stanford Sentiment Tree bank (SSTb) and Twitter posts from Stanford Twitter Sen-
timent corpus (STS) [38] while the second use a SemEval dataset [32].

Ruangkanokmas, at al. [42] develop a semi-supervised Deep Belief Networks (DBN) with

feature selection (chi-squared) for sentiment classification using movie, KIT, ELE, BOO,
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3.2. SENTIMENT ANALYSIS FOR AMHARIC LANGUAGE

and DVD datasets. The developed model (DBNFS) performs better for three datasets
except KIT and DVD datasets than TSVM, PIV, DB and HDBN [42].

There are also some state of the art researches on Arabic language sentiment Alayba,
Abdulaziz M., et.al., [34] develop a combined CNN and LSTM with word embedding
using 2026 main Arabic Health service dataset(AHS) and 1732 sub-AHS. The CNN and
LSTM models show 94.24% accuracy for main AHS and 95.68% for sub-AHS datasets[34].
CNN with word embedding sentiment analysis model is developed by Dahou et.al., [33]
using reviews of 3.4-billion-word corpus from the collected 10 billion words of web-
crawled corpus. The Arabic sentiment analysis provide 86.7%, 89.6%, and 78.3% for
CNN-balanced, CNN un-balanced and linear SVM respectively. From the results un bal-
anced CNN model out performs over the Linear SVM approach by 11.3% in terms of

accuracy [33].

3.2 Sentiment Analysis for Amharic Language

3.2.1 Lexicon Based Sentiment for Amharic Language

Selama G/Meskel [3] has developed a sentiment mining model for opinionated Ambharic
texts. In this research, the author used a term counting approach to determine the
sentiment of comments by checking each word from the prepared lexicon. The author
developed 411 positives, 544 negative general, domain-specific lexicon terms and con-
textual valence shifter terms.

In the paper, each positive lexicons are tagged with +2 value and each negative lexicons
are tagged with -2 value but the final polarity of the review is determined by considering
the existence of valance shifter, intensifiers, and negation terms.

Even if the paper prepares opinion terms, the prepared opinion terms are not sufficient

because inflected Amharic sentiment words are not handled in this research work. Be-
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3.2. SENTIMENT ANALYSIS FOR AMHARIC LANGUAGE

sides, the paper only considers textual labeled lexicons for determining the polarity of
reviews. Emojis which are increasingly used in social media contents to express one's
feeling have not been handled.

The other work on the Amharic language is a feature level sentiment analysis by Tulu
Tilahun entitled "Linguistic Localization of Opinion Mining from Amharic Blogs" [2]. The
Author collected 484 comments from a hotel, university, and hospital as 578 negative
and 423 positive words.

Tulu extracted features using some rules and determine the polarity of the review by
considering the polarity of adjacent words of the feature word. The effectiveness of the
system depends on the existence of valance shifters and the existence of adjacent left
and right adjective features.

Yosef Arega [5] uses Posts from facebook page of DireTube, EthioTube, VOA Ambharic,
mereja.com, and Yehabesha. The model developed by Yosef uses Rules and Lexicons
used by Selama G/Meskel [3]. TF-IDF and Latent Dirichlet Allocation approaches are
combined for the trend detection system. The model gives different results depending
on the topic selected and the existence of valance shifter terms.

All works consider only words for determining the polarity of the review. However,
Emojis are increasingly used in social media content to express one's feelings on a certain
event. Hence, it is necessary to develop a system that takes Emojis for labeling purpose.
The work by Tulu Tilahun used adjectives only as sentiment words to determine the
opinions of the review sentences, but sentiment words are not only adjectives but also
adverbs, verbs, and nouns. In addition to this, the sentiment words are not sufficient

for determining sentiment of a comment.
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3.2.2 Machine Learning Based Sentiment Analysis

A Machine Learning approach to multi-scale sentiment analysis of Amharic online Posts
is developed by Wondwossen Philemon and Wondwossen Mulugata using a supervised
machine learning approach [1]. The authors collected 608 social media product and
marketing news from Facebook, Twitter, DireTube and Ethiopian reporter websites. The
developed model has an accuracy of 43.6%, 44.3% and 39.5% for uni-gram, bi-gram,
and hybrid features respectively. The developed model has performance limitation due
to less number of training data.

CNN based Amharic sentiment analysis [4] is developed by Yeshiwas Getachew and
Abebe Alemu. Yeshiwas Getachew and Abebe Alemu collected 1602 reviews From Fana
Broadcasting Facebook page using Facebook API. The model produces different results
depending on the amount of test train-data split ratio and model configuration. For
instance, for three layers, 4000 input dimension and 70%:30% split ratio the model
gives 95.5%, 90.5% training and validation score respectively. For 4 layers, 1052 input
dimension and 70%:30% split ratio, the model produces 84.05 and 79.89 training and
validation score respectively.

Both researches [1][4] use stemming as part of preprocessing after tokenization, stop word
removal, and normalization. However, literature reviews for other languages showed that
stemming has no positive impact on the performance of sentiment analysis model. Hence,
it is necessary to investigate the effect of adding stemming as part of preprocessing on
Ambharic sentiment analysis. CNN and RNN networks are state of the art DNN approaches
for various NLP applications. However, CNN is well known for problems that require
extraction of features while LSTM is a popular approach that captures a sequential data.
LSTM are designed to capture long short term sequence dependency with its memory
[49]. The corpus used by both models is annotated by humans which takes much

developing time and results in disagreement between annotators.
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3.3. EFFECT OF STEMMING ON SENTIMENT ANALYSIS

3.3 Effect of Stemming on Sentiment Analysis

Stemming is one of the techniques used to improve NLP in general and sentiment analysis
in particular [21]. Stemming is a process of conflating variants into their stem or root
form. Stemming is an important technique in many NLP applications like data mining
and information retrieval by reducing variant word forms to a common root to increases
retrieval effectiveness but unimportant for others [14].

Some researches use stemming as one of the preprocessing steps while others argue that
stemming does not affect text analysis. Many research are done on stemming to show
whether it positively or negatively affect NLP applications.

Romero Llombart, O [28] showed that applying data transformation approaches such as
deleting stop words punctuations, lemmatizing has a positive impact on tweeter dataset.
For instance Recurrent Neural network applying stemming or lemmatizing, removing
stop words and punctuations give (84% accuracy and F score). However, RNN without
any transformation results (83% accuracy and 84% F score). For the case of Random
Forest, applying count stemming, removing stop words and punctuations give a better
result (81% accuracy and F score) than any other transformations such as TF-IDF stem,
removing stop words punctuation that results 78%, 79% accuracy and F score. TF-IDF
lemmatize, removing stop words punctuation gives 77%, 78% accuracy and F score,
count vectorization and removing stop words punctuation results 78%, 79% accuracy and
F score respectively, and TF-IDF with out any transformation gives 74%, 75% accuracy
and F score respectively [28].

While applying Bi-gram word representation on the same twitter dataset has negative
impact for RNN. However, Random Forest (RF) involving count stemming, removing
stop words punctuation, and NB applying Count lemmanize, remove stop words punc-
tuations out performs than any other transformations. For movie reviews dataset and

Bi-gram word representation, incorporating stemming, lemmatize, and removing stop
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words punctuations negatively affect the performance of MLP (Multilayer perceptron),
NB,RF and SVM.

Shereena M. and Mazlina M.[53] has examined effect of noise elimination and stemming
in sentiment analysis such as data with tokenization, stop word removal only, addition
of normalization only, and addition of stemming using (Othman) and Fatimah Algorithm.
From the results all datasets obtain small improvements after applying different types
of pre-processing [563]. SVM classifier with data tokenization, stop word removal, nor-
malization and stemming using Fatimah performs better than Othman algorithm. It also
achieves the best performance for the Malay documents classification [53].
Hidayatullah, A.F. [10] showed that stemming reduces the performance from 88.84% to
87.72% when Naive Bayes is combined with TF-IDF, and from 92.19% to 91.96% when
Naive Bayes and term frequency are applied for Indonesian tweet sentiment analysis.
Wahbeh et.al., [14] have made an empirical study on the effect of Arabic text classifica-
tion by using stemming as part of pre-processing steps. To show the effect of stemming,
the authors conducted an experiment using SVM and two test models. The results show
that applying stemming negatively affects the accuracy of the model. The accuracy of
the model drops from 87.79% and 88.54% to 84.49% and 86.35% [14]. This research
paper tries to investigate the effect of stemming on Ambharic sentiment analysis. The
preprocessing applied may have positive or negative impact depending on the type of
dataset used and type of language it has [28] and stemming algorithm [14][53]. So
it is necessary to investigate impact of stemming as part of preprocessing for Amharic

sentiment analysis.
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Chapter 4

Proposed Methodology

The proposed is a hybrid of two known approaches (Lexicon and deep neural network
based) for Amharic sentiment analysis to achieve objectives discussed in the paper. Figure

4-1 shows the entire process of the proposed approach.

Data Collection » Data Preparation »  Data Annotation
Stemming
h 4 h
. — - I | LSTM model
Evaluation - Classification [« Development

Figure 4-1: Proposed Approach.

Each steps in the proposed approaches is discussed in the sections below.

4.1 Data Collection

To develop a sentiment analysis, data collection is the first and fundamental step that
encompasses collecting user-generated contents from blogs or social media like Facebook,
YouTube, Twitter, and others. Scraping is the process of collecting user-generated con-

tent from social media and blogs. This research paper uses YouTube comment scarper for
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collecting raw data in the form of unstructured data. The link below contains collected

comments, and labeled lexicons and Emoji

https://drive.google.com/file/d/1UcY60KwmLwxW9QB88xbz22iRYvhH9uWU/view? usp=sharing

4.2 Data Preparation (Preprocessing)

Data preparation is a major step in data analysis that encompasses many techniques
mainly data transformation, data cleaning, and data reduction. This step helps to
make the collected data clean and suitable for analysis. In data preparation, non-
textual contents except Emoji and contents that are unimportant for the analysis are first
identified and eliminated.

The following tasks are performed to clean the collected data. Figure shows the

order in which they are applied on the data.

* Eliminating non-textual, non-Amharic contents and symbols like hashtags, URLs,

links and others[21].

* Removing all numbers and punctuations like question marks(?), exclamation marks(!)
and others because question and admiration do not affect the sentiment of a certain

sentence [28][21].
* Spell correction.

* A consistent tokenization rule should be applied to split sentences into words and
treat each punctuation as a separate token [9]. A word tokenizer from NLTK is

used in this thesis.
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4.2.1 Normalization

Normalization is one of the steps used to get clean data from unstructured textual data.
Different characters that have the same sound but written in different forms like v, « or -
should be changed to the same form. There are two kinds of Normalization. The first one
is character level normalization, and the second one is word-level normalization. Both
word and character level normalization are used in this thesis. Normalized characters

and words are listed in Appendix A.

4.2.2 Stop Word Removal

Removing stop words helps to reduce the dimensionality of a term space. The most
common words in text documents such as articles, prepositions and pronouns are treated

as stop words. These words do not give the meaning of the documents.

—

List of Homophone

Remove Hash
tags . numbers —* Spell Correction
and punctuations

Mormalize "
Homophone

|

Stop Word Removal [%— Tokenization

L

List of Stop Words

Figure 4-2: Preprocessing Steps.

R &G ANL (AT a2 1CA Ai: 9°7 ShTA PAST.. . AGU- TAAY TLF ..0LF ............ A% e
ol .and A7LmOT ALLAP#\uff# are sample unstructured data because
they contain punctuations, un normalized and Unicode Characters, and not tokenized.
Hence, it is necessary to make the data clean for further processing. After the above

preprocessing steps applied on it, the sentences will be ['aZ', '0&h-+cC', 'A0L', '1A7,

31



4.3. DATA ANNOTATION

'GOCA', RIN, 'Y, 'GAUA', 'PAST, M40, TAAY, "RE, '0LF, 'ATeXE, "¢ and

[a7&m0n-1', 'A2LAT']

4.3 Data Annotation

Data annotation is a process labeling any type of data. Textual data annotation for
sentiment analysis is a categorization of user generated textual content as positive,
negative and neutral. In this work, we have annotated the processed dataset using
labeled lexicons and Emojis to show the effect of using both labeled Emojis and lexicons
over using only labeled lexicon only on automatic labeling system. Figure @-3 shows

sample data annotation using both labeled lexicon and Emoji.

tokenized sents polarity
[ms’b' ﬁﬁ', "W, twdd', e, 'ofl'] negative
['Aée', "', "Aodd', "h-'] positive
[ ﬁﬁ', '}.'HI', e ] negative
['mfi', '}.'Hli"' "mpmat', "y, ' eR4E'] peutral
e, o, e, @,'0,'9, 9, '@, '@, '@ positive
'8y, Ei' EIR S S U D D DR T T IR negative

Figure 4-3: Sample Annotated Data.

4.4 Stemming

Stemming is a process of converting different forms of a word to its root form. We
have trained a neural network with and without stemming to see its impact on Amharic
sentiment analysis. In some natural language processing applications, additional data
preparation approaches like stemming, lemmatizing or part of speech tagging may also
be done [28]. Stemming is part of preprocessing. However, this paper implement stem-

ming after data annotation because the labeled lexicons are in un stemmed form. If
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the stemming is performed before data annotation, the morphological operation imple-
mented makes the automatic labeling difficult. Sentences below show before and after
stemming is applied. For instance, ®2% 2 “LANSTF 0AY ATEE7 (A" OAY, AhG TIC A2
14 | MMt 0rET £LCIA, and 1M+ L8 famTA are sample sentences before applying
stemming. After stemming is applied using HornMorpho 2.5, the sentences will be:
®e7 hx “LANG N4 ATET AA OAYL A& TIAC A7 mé, AM 07+ A&41, and AM L8 ANMS
respectively. This research paper investigates the effect of using stemming as part of
preprocessing on Amharic sentiment analysis. The stemmed and non-stemmed comments

are available at

https://drive.google.com/file/d/1UcY60KwmLwxW9QB88xbz22iRYvhH9uWU/view? usp=sharingl.

4.5 Neural Network Development Steps

Figure -4 shows the steps followed to develop deep neural network by taking the

annotated data as input.

Annotated Data | [Z{a!a splitling as 1y WordEmbedding
training and testing

LSTM model

Classification fully connected layer

Figure 4-4: LSTM Network Development steps.

The steps followed for developing LSTM model are discussed below.
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4.5.1 Data Splitting

Data splitting is one of the crucial steps in developing and testing a neural network
classifier model. In this step, the annotated data is split into training and testing. In

this work, we have used 90% for training and 10% for testing the neural network.

4.5.2 Word Embedding

After converting the unstructured data to a form suitable to analysis, it is necessary to
represent the words in the sentence to a vector form to compute similarity, analogy and
other operations using word2vec. The aim of word embedding is to map each words
in the word dictionary to a lower dimensional vectors. The embedding layer turn the
input to nxm dimensional vector where n is the longest sentence in the corpus and m

is the embedding dimension(dimension of the word vector).

4.5.3 LSTM Model

LSTM is a special type of deep neural network that is proved to be extremely effective in
capturing long and short-term dependencies in a sequential data [42]. This layer takes
vectors of word2vec as input from the dense layer. LSTM layer has a memory unit that

helps in adding and removing previous information.

4.5.4 Fully Connected Layer

The outputs of an LSTM layer are merged and combined into a single matrix and passed
to the fully connected layer. The fully connected layer is a full connection of previous
layers. This layer converts the array into a single output in the range between 0 and
1. The fully connected layer classifies the vectors as positive, negative and neutral.

The output layer has 3 neurons which represent the three sentiment classes such as
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positive, negative and neutral. This layer uses softmax activation function because if

the activation values of each neuron summed it will be one.

4.6 Evaluation

After classification has finished, the performance of the classifier is evaluated using
different performance metrics like recall, precision, F score and accuracy. Training and
validation accuracies and losses are also used for choosing appropriate epoch number to

avoid occurrence of overfitting.
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Chapter 5

Experiments

To answer the research questions, we have conducted different experiments. Generally,
these experiments are grouped into three categories. The first group of experiments aims
to show the effect of labeling a user-generated comments using only labeled lexicons
and combining labeled lexicons and Emojis. To evaluate the effect, we used the dataset
labeled using the two approaches,using lexicons and combining these lexicons with
labeled Emojis, as an input for two sentiment classifiers, LSTM and Naive Bayes. These
experiments answer RQ1: Can Emojis be used to enhance lexicon based automatic
comment labeling for Amharic sentiment analysis?

The second group of experiments aims to identify the impact of stemming on Amharic
sentiment analysis on both LSTM and Naive Bayes sentiment classifier model. These
experiments are conducted to answer RQ2: What is the effect of stemming on the
Amharic language sentiment analysis?. The third group of experiments compare an
automatic annotation system with a human annotation system to identify the gaps on
our automatic labeling system. These Experiments answer RQ3: How the automatically

labeled data (using Emojis and lexicons) is consistent with human labeled data?

5.1 Dataset Description

To answer the RQs, we created a dataset containing comments written in Amharic

language. The dataset contains 9,138 comments collected from YouTube using YouTube
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online comment scraper.

The dataset is a collection of comments that are written

using text and Emoji, text-only, and Emoji only. Table b.1 provide information about

the dataset before and after applying preprocessing on the dataset.

includes:

length, and number of comments that do and don't contain Emoji.

The information

the total number of sentences and words, mean and maximum comment

Number of | Number of
Before and .
Aft Total number | Total number | Mean Maximum | comments comments
er pre-
p' of sentences | of words length length that contain | with no
processing . y
Emoji Emoji
Before 9138 94,751 words | 10.368 words | 437 words | 1809 7329
After 9138 83,203 words | 9.105 words | 433 words | 1809 7329

Table 5.1: Dataset characteristics

5.2 Building Sentiment Lexicons and Emojis

There are some works that collect Amharic sentiment lexicons [3][2]. Gebremeskel [3]
has collected about 950 lexicon terms while Tulu [2] has collected about 578 negative
and 423 positive opinion words. It is necessary to include more Amharic lexicons to
increase the accuracy of the sentiment analysis. Hence, for this research, in additon to
what is collected by others, we collected 406 positive and 595 negative lexicons. For this
research, we used a total of 1173 negative, 829 positive, 8 invertors and 13 intensifier
lexicons. These lexicons are a set of both domain specific and general-purpose lexicons.
Emojis, which are a subset of unicode characters, are stored and represented as any uni-
code characters [41]. In the beginning, about 176 Emojis were used by Japanese mobile
operators [41]. Emojis can be used as a feature or as a label [39]1[40][41]. To use Emojis

for labeling comments, it is necessary to build positive and negative Emoji lexicons.This

research paper has collected a list of negative and positive Emojis for comment labeling
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purpose from the literature and web [44,45] by comparing their positivity, negativity
and neutrality score.

The labeled lexicons and Emojis used for automatic comment labeling are available at

https://drive.google.com/file/d/1UcY60KwmLwxW9QB88xbz22iRYvhH9uWU/view? usp=sharing.

5.3 Evaluation Metrics

In order to measure the performance of a model, there are many evaluation metrics such
as accuracy, precision, recall and F score [1]. The most commonly used performance
measures in sentiment analysis are precision, recall, accuracy and F score [1]. These
measures are based on

TP (True Positive): The number of instances that are positive and are correctly predicted
as positive.

FP(False Positive): The number of instances that are negative but are incorrectly
predicted as positive.

FN(False Negative): The number of instances that are positive but are incorrectly
predicted as negative.

TN(True Negative): The number instances that are negative and truly predicted as
negative.

Precision(P) is the ratio of the number of items labeled as a particular desird class,

true positives(TP) to a total number of items labeled as that class [25][46].

TP

P= TP FP
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Recall(R) is the number of true positives divided by total number of items that are

known to belong to that class [25][46].

TP

R:TP+FN (5:2)

F score is the weighted average of Precision and Recall. Therefore, this score takes

both false positives and negatives into account [25][46].

2+ Recall * Precision
F = 5.3
seore Recall + Precision (5.3)

F score is a better and well-known measure to use if we need a balance between
precision and Recall. F score is usually more useful than accuracy, especially if you
have an uneven class distribution [13].

Accuracy The other performance measure of a model is accuracy. Accuracy measures

how much accurately the model learns to classify the data [25][34]1[46].

B TP+TN
 TP+TN+FP+FN

(5.4)

The overall precision, recall and F score of a classifier is calculated by using a weighted
average called a macro-average.
Macro-average values are used to know how the system performs overall across the

sets of data.
R1+ R2+ R3
3

P1+ P2+ P3
3

Macro—average_recall = (5.5)

Macro—average_precision = (5.6)

R1, R2 and R3 are recall values of the three sentiment classes negative, neutral and
positive respectively. P1, P2 and P3 are the precision values of the three sentiment classes

respectively. The macro-average method can be used when we want to know how the
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system performs overall across the sets of data. In this paper, we use macro-average

precision, recall, and F score as a weighted average.

5.4 Experimental Setup

This paper uses one personal computer for all experiments. Table shows the hardware

and software specification of the machine used in all experiments.

Manufacturer | Hewlett-Packard
Model HP ProBook 6470b
IntelCore™i5-3320MCPU

Processor
@2.60GHz,2601MHz,2 cores,4 logical processor(s)
Memory 4GB
Operati
PEFARE | Ubuntu 16.04 LTS
System

Table 5.2: Table Hardware and Software Specification of the machine

Model Configuration: In addition to hardware and software specifications, we need to
configure the LSTM network for developing sentiment analysis model. In the experiment,
LSTM network is configured with the following parameters: one LSTM layer with 8
neurons, 8 epoch, 14 batch, 8 vocab_size(Embedding_size), 'adam' optimizer, 7 seed,
90% train_size, and 10% test_size.

Overfitting and underfitting are key problems of deep neural networks. Overfitting occurs
when the model learn training dataset so well, which makes noises of the training data
to be memorized. Hence, it cannot predict an output for an input that it has never
seen before [11]. Overfitting is a phenomenon that occurred on small dataset than large
dataset [11][43]. Our dataset is small in comparison to what deep neural networks
require, so it is necessary to use techniques such as early stopping and dropout to avoid
overfitting.

Early Stopping Configuration:- Early stopping is one of the mechanisms used to reduce
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the occurrence of overfitting [11]1[43][48]. Early stopping is a mechanism to stop training
as soon as performance of a model stop improving [11]1[43]. Early stopping parameters
are configured as follows: patience=5, monitor=val loss, mode=min, and baseline=0.3.
Dropout: Dropout helps to prevent overfitting by randomly dropping some of the units
and their connection from the neural network during training [11]1[43]. In this paper the
optimal choice of dropout is between 0.5 and 1 specifically 0.5 and 0.7.

In order to choose an appropriate epoch number, this paper has used training versus
validation accuracy plot of the model. To identify occurrence of overfitting from a plot
the following conditions will occur.

1. When both training and validation loss simultaneously decreases. However, at some
point of time validation loss increases while training loss decreases.

2. When both training and validation accuracy starts increasing and at some point when
validation accuracy increases over training accuracy.

Figure shows sample training vs validation accuracy and loss plot of the model using

our dataset when both lexicons and Emojis are used for labeling.

Training and validation accuracy Training and validation loss

0.a0

L=l -

—— Training acc
—— Validation acc

10 - —— Training loss
—— Validation loss

Training and validation accuracy
Training and validation loss

10 15 20 25 30 35 40 45 50 10 15 20 25 30 35 40 45 sb
epoch epoch number

Figure 5-1: Training vs Validation accuracy and loss.

From the loss plot of Figure 5-1, if the model is trained beyond epoch 5, the validation
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loss increases while training loss decreases. This is one of the condition to say the model
is overfitted. Hence, our epoch choice will be five to see the effect of overfitting.

This paper choose two epochs for the LSTM model based on the preliminary experiments.
The two epochs are used (i) to see the effect of using Emojis for labeling (with and
without Emoji) choose eight epochs, and; (ii) to see the effect of adding stemming as

part of preprocessing on Amharic sentiment analysis using seven epochs.

5.5 Development Tools and packages

Python: Python is a high-level programming language that is processed by a python
interpreter to produce results. There are many features that makes python the best

choice of language for machine learning and artificial intelligence.

* Python is a high-level language that is easy to learn, read, and maintain

Short development time in comparison to other programming languages like java,

C++ and Ruby.

* There are plenty of libraries in python that makes our task easier, for example,

Numpy is a library for python that can solve scientific computation easily.

* It is interactive (has a terminal for debugging and testing) and portable (runs on a

variety of hardware platforms).

Pandas: Pandas is an open-source library that provides high performance, easy to use
data structure and data analysis tools for python programming language [26]. Pandas is
used to read CSV files and perform different operations on the CSV files.

Keras: Keras is a library for developing deep neural networks in python that can
run using TensorFlow or Theano as a back-end to preprocess data, to create, evaluate,

optimize, fit and test a model [25].
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TensorFlow: TensorFlow is an end-to-end open-source platform that has flexible tools
and resources for machine learning. Many states of the art NLP applications are developed
using TensorFlow as a backend. Popular organizations like Google, Intel, and others
also use TensorFlow to develop systems [25].

Natural Language Toolkit(NLTK): NLTK is a platform that is used for building
Python programs to work with human language data. NLTK is used for many tasks like
tokenization, lemmatization, stemming, parsing and POS tagging. NLTK is developed
especially for languages that are rich in resources.

Scikit-Learn: Scikit-learn is a library for python machine learning library. Scikit-learn
contains simple and efficient tools for data mining and data analysis algorithms for both
supervised and unsupervised problems [25]. Scikit-learn is used to evaluate deep neural
classifiers by calculating a confusion matrix which is a table that is often used to describe
the performance of a classification model [25].

HornMorpho: HornMorpho is part of the L3 project at Indiana University. It is a
python program that is used to analyze Amharic, Oromigna and Tigrinya words into their
meaningful parts. HornMorpho gives a representation of the words grammatical structure
when the root or stem is given [24]. HornMorpho is free software that can be freely
distributed or modified under the General Public License. To develop morphological

analysis, HornMorpho uses 227,984 Tigrinya and 397,352 Amharic words [24].

5.6 Results

5.6.1 Effect of using Emojis for labeling

The amount of dataset used in sentiment analysis affects the final result. Prior to an-
swering RQ1: Can Emojis be used to enhance lexicon based automatic comment

labeling for Amharic sentiment analysis?, we conducted an exploratory experiment
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to see the labeled Emojis with lexicons on the dataset, number of labeled comments in
each sentiment class, and Amharic sentiment classifier performance. Table 5.3 shows
how using labeled Emojis for comment labeling affect the distribution of a datasets to

be considered.

Amount of comments

Type of comment (class of comment) in the class

Comments written only with text 7329
Comments written with text and Emoji | 905
Comments written with Emojis only 904
Total 9138

Table 5.3: Effect of Emojis on data set distribution

From the total number of collected comments, 19.79% of the comments use Emojis. This
shows that a significant amount of comments use Emojis to express their opinion.

Emojis are considered to be reliable indicators of sentiment, they either used to automat-
ically generate more training data or to enhance sentiment classification [41]. The use
of labeled Emojis for labeling user-generated data also affects the number of comments
classified as positive, negative and neutral. A use of Emoji enhance the expressibility
of a text message. For instance, the word "Addis Ababa”> cannot be labeled as positive
or negative but "Addis Ababa @ @~ is classified as positive because it expresses positive
feeling towards the city. In the same way the texts like, A0-k? 9°7 ACTT, 447 F0J0-07
AV, A7 W7AT, AiF are difficult to determine their sentiment class, AfE? 9°7 ACTT
POPOPOPPVPPW® aPL7 N3O hiv ® @ O & 1787F W75T @ AT & can
be labeled as positive. Comments that contain only Emojis like "¢Pp &P €D €9 €9 € ¢ &
POV and ¥ @ /% cannot be labeled unless the labeling system combine list of
positive and negative Emoji with labeled lexicon words. Figure shows the amount
of labeled comments in each sentiment class when we consider labeled lexicons with

Emojis and labeled lexicons only.
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Number of labelled comments using lexicons only and lexicons with Emojis

6000 —
0322

5000 ——
4392

4000 .
m Positive

O MNegative

3000 B Meutral

1942 1874 1760 2086

2000

Mumber of comment

1000

-

Lexicons and Emojis lexicons only

Figure 5-2: Amount of labeled comments in each sentiment class.

Figure shows the amount of labeled comments as positive, negative and neutral
from the total dataset when we consider both labeled lexicons and Emojis, and only
labeled lexicons. The result show that we can label a total 9138 comments when we use
both labeled lexicons and Emoji, However, a total of 8234 comments are labeled when
we use only labeled lexicons. The amount of labeled comments using lexicon approach
is lower by 904 from the combined lexicon and Emoji based approach. The remaining
904 comments will be unlabeled unless we incorporate labeled Emoji on our comment
labeling system. This show that Emoji play significant role in automatic labeling system.
Recent researches focus on not only imbalanced distribution between classes but also
a difficulty in embedded nature of the data due to their relevance [54, 55]. This
results a difficulty for the learning algorithm because it will be biased to the majority
class. There are three methods to handle imbalanced data algorithm level which focus
on modify existing learning algorithms to alleviate the bias towards majority objects
and make them to adapt with skewed distributions [54, 55]. The second is data level

which focus on modifying the data either by generating new data for minority dataset
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with replacement(up sampling) or removing some data from the majority dataset (down
sampling). However, this often leads to removal of important samples or introduction of
meaningless new objects [54]. The last approach, which is gaining increasing popularity
is a hybrid level that takes advantages of the above two approaches [54, 55].

In this research, their are two imbalanced distributions the first is with Emoji dataset
which is a majority class and without Emoji which is a minority dataset. The second is
between the positive, negative and neutral classes in the datasets itself. To overcome
dataset imbalance the paper choose random oversampling of the minority class from 8234
to 9138. Under sampling of majority class is not proper choice because further removing
from a small dataset is dangerous [55]. This research aims to investigate the effect of
considering labeled Emoji and lexicons for labeling of comments on the performance
of deep neural network specifically Long Short-Term Memory using 9138 sample size
for both approaches. Table 5.4 shows the results obtained with and without Emoji for

comment labeling.

Performance Clz.jmsses — - =
eASres Without Emoji With Emoji

Negative | Neutral | Positive | Negative | Neutral | Positive
Precision 74.8 7.4 95.12 76.04 81.03 92.7
Recall 80.9 69.39 96.89 71.56 774 96.21
F Score 7.7 73.34 96.00 73.73 79.43 94.42
Macro-Precision | 82.43 83.25
Macro-Recall 82.39 81.75
Macro-F score 82.34 82.52
Accuracy 86.43 86.98

Table 5.4: Comparison of LSTM performance with and without Emoji as a fea-
ture

As we can see the result from Table 5.4, incorporating Emojis for comment labeling with
lexicons increases accuracy of LSTM model from 86.43% to 86.98%, and F score from
82.34% to 82.52%. However, from the table, precision and recall of positive, and recall

of negative sentiment class without Emoji dataset is higher than with Emoji. This may
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be due to the random oversampling with replacement of without Emoji dataset from
8234 to 9138, because it results a more disproportion between the positive, negative
and neutral sentiment classes or introduce a noise.

This paper has also made an exploratory experiment to determine the performance of
Multinomial Naive Bayes (MNB) with and without Emojis. Results on Table b.5 shows
the performance of MNB with and without Emoji. All the precision, recall and F score

in the table are macro-average values.

MNB Performance Measure | 10% test, 90% training data | 20% test, 80% training data
classes (Macro-average) Without Emoji | With Emoji | Without Emoji | With Emoji
Precision 92.0 92.0 90.0 87.0
Uni-gram Recall 89.0 89.0 87.0 82.0
F score 90.0 90.0 88.0 84.0
Accuracy 91.14 91.0 89.50 87.02
Precision 93.0 92.0 90.0 88.0
Bi-gram Recall 91.0 89.0 89.0 85.0
F score 92.0 90.0 89.0 86.0
Accuracy 92.96 92.0 90.59 89.3
Precision 92.0 92.0 89.0 88.0
Tri-gram Recall 89.0 88.0 87.0 84.0
F score 90.0 90.0 87.0 86.0
Accuracy 91.74 91.67 89.13 88.11

Table 5.5: Comparison of MNB with and without Emoji

Results on Table 5.5 show that adding Emojis reduce accuracy of MNB by 0.14%, 0.96%
and 0.07% when using Uni-gram, Bi-gram and Tri-gram respectively with 10% test and
90% training data. This reduction is due to the nature of Naive Bayes which performs
better, even when used with small training data [6]1[46]. However, in Naive Bayes(NB),
as the training data decreases and test data size increases both F score and Accuracy
reduces significantly. This reduction is because the model cannot capture all attributes
well with small amount of training data size during training. For instance, a Bi-gram
Multinomial Naive Bayes(MNB) that combine both Emojis and lexicons as labeling have

tested with different training and testing data size. The results are described as: (i) using
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60% training and 40% test data size, the model gives 81.0, 85.21 F score and accuracy
value respectively. (ii) using the same MNB implementation with 40% training and 60%
test data size, the model gives 73.0, 79.78 F score and accuracy value respectively. This
indicate a reduction of training data size by 20% reduces the accuracy from 85.21 to
79.78 and the F score from 81.0 to 73.0.

Results on the Tablesb.3 , and 5.4 answer RQ1: Can Emojis be used to enhance lexicon
based automatic comment labeling for Amharic sentiment analysis?. The results of the
experiments conducted to answer RQ1 show that Emojis can enhance lexicon based
automatic comment labeling for Amharic sentiment analysis. By using Emojis, we were
able to automatically label 904 more comments which would have been missed if one
uses only lexicon (see Figure b-2). The use of Emojis in two machine learning (ML) based
automatic comment labeling approaches, LSTM and MNB, however, is inconclusive. For
LSTM, the use of Emojis with lexicons have improved the accuracy and F score values
of the automatic ML based labeling while for MNB values of the measures are lower
than only lexicon. This could be due to nature of the algorithms used for labeling and

the size of training data [6,46].

5.6.2 Effect of Stemming on the Amharic Sentiment Analysis

In this section, we investigate the effect of stemming on the performance of Amharic
sentiment analysis. Table b.6 shows examples of the root words, inflected forms of the

root word and the corresponding stem while using using Hornmorpho 2.5 [24].
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Table 5.6: Inflected words and their stem forms of some root words

Inflected forms of | Stem of
Root word the Root word inflected words
2LCAA LN
[ X oA [ ¥4)
P A (¥
L0 LCh LN
N.LCh LN
hedan LN
TL40 TL4A0
ANLsN anLan
Y X PA gLecan hLLN
L£0LCAA ANLZN
he3AL. P FFo- heIALPFTo-
DAL, PINLLP F T PINLP F T
S0LLPFTFm- DNLP T T -
[P A (0]
nos (0]
(11 VA hos ac
0LT LT
OLFT 0LT
PU1204.A DTN ANd.AT
ANL AL ANLAD
P70 L04.A 9N ANd.A1
hidA7 P PN LA 10~ ANZAT
ANL.ALOD- aNd.ALo-
P971204.A1 ANd.A1

To show the effect of stemming, we conducted sentiment analysis using stemmed and

unstemmed dataset without changing the polarity of unstemmed dataset. To compare

results of Multinomial Naive Bayes (MNB) with stemming of this paper with previous

works, we followed the same approach as [1]. Tables 5.7 and 5.8 show the performance

of LSTM and MNB with and without stemming.

Performance 10% test and 90% training data
measure LSTM with stemming | LSTM without stemming
Precision 78.235 82.26

Recall 72.51 78.89

F score 70.76 78.89

Accuracy 75.93 82.36

Table 5.7: Performance of LSTM with and without stemming
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20% test data and 80% training data
Performance
Without Stemming With Stemming
Measure
Uni-gram | Bi-gram | Tri-gram | Uni-gram | Bi-gram | Tri-gram

Precision 88.0 91.0 91.0 87.0 90.0 90.0
Recall 85.0 90.0 90.0 85.0 90.0 89.0
F Score 86.0 90.0 90.0 86.0 90.0 89.0
Accuracy 87.03 90.7 90.7 86.5 90.27 89.8

Table 5.8: Performance MNB with and without Stemming

Table b.7 and show that the accuracy of sentiment analysis with stemming is
lower than without stemming by an average of 6.43% for LSTM and 0.53%, 0.43% and
0.9% for Uni-gram, Bi-gram and Tri-gram Multinomial Naive Bayes models respectively.
Stemming gives the same F score for uni-gram and Bi-gram implementation of MNB as
without stemming. However, the F score of LSTM and Tri-gram implementation of MNB
reduces from 78.89% to 70.76% and from 90.0% to 89.0% respectively.

Stemming reduces inflected words to their stem or root form that results in a reduced
number of features or vocabulary size. Sometimes the stem of inflected words need not
be identical to the morphological root of the word. For instance, the word "ant+" can
be inflected into "an4F", "anPT", "adht", "ean ", "e4ah", "0 E" etc. In this
example, all those words have the same root that is "fh". This shows less dependence
between inflected words and the root word "fh". Merging inflected forms of words to
a common stem form results in weak dependence between features.

LSTM network can capture long dependencies of features in a sentence by introducing
a memory unit and gate mechanism. These memory units and gate mechanisms decide
how to utilize and update the information kept in memory cell. However, the weak
dependence of features in a sentence due to stemming makes the LSTM network not to

capture the dependency between these features. This in-turn makes the LSTM not to
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predict well for a new features. In conclusion, the experiments conducted to answer
RQ2 show that stemming in the preprocessing step has a negative impact on sentiment

analysis.

5.6.3 Annotation Consistency

To answer RQ3, we investigate alignment of comment labels that are annotated manually
by humans and automatically using Emoji and lexicon. For the investigation, 3000
comments from the total dataset are annotated by two human annotators. We, then,
computed the similarity of automatically annotated comments with those annotated
by humans using overlap similarity. Overlap similarity is defined as the size of the
intersection of two sets, divided by the size of the smaller of the two sets. Table 5.9

shows a sample comparison of automatic annotation and human annotation.

Automatic Similarity
Human L,

No | Comment annotated . 1 for similar and
polarity annotated polarity (0 for different)

1 A0h? o-Le¢ esu+ heFCr D Neutral Neutral 1

2 Al M9 Lh P7LA N¢ 10 Positive Positive 1

3 i‘;" : i‘f\?% PT PTLOT #7 P40 LPNAA Positive Positive 1

4 | 20 LAA 7 hDAPnT Negative | Negative 1

5 | #0M A70%- AASI° AATY Positive Negative 0

6 | A16TTT A%TrhA 2 1PAT PLLO0A positive Negative 0

7 | P10 AQGTFT7 A7TmAMATUT @8 Neutral Positive 0

8 [ ac nae- 0n ok Neutral Negative 0

9 ao’F o ¢7C OOt PTL0M@- Neutral Positive 0

10 | Ad. BCT LOA Ah A7%Y 71é-To- Positive Positive 1

11 | P10&f v-ie A78ANNC WL.P7 B & & Positive Positive 1

12 [ 9°7 ACIH VPO VOO Positive Positive 1

13 [ aor- 0@ Positive Positive 1

141 @@ @8 @@ A7T AN Negative Positive 0

Table 5.9: Sample Similarity matrix of Automatic annotation and Human an-
notation

From 3000 human-annotated corpora, 2700 comments are found to be similar to that of
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automatically annotated comments giving an overlap similarity measure of 90.67%.

|[AnH|

O H) = A, )

(5.7)

O(A,H)=2700/3000=0.9067

Where

A= automatically annotated

H= human annotated

O(A,H)= Overlap Similarity

Most of the comments are expressed explicitly either using positive or negative lexicons
to express a positive or negative feeling about an event. For instance, the comments
"geLl LT A@FTFU- o FTFuA £L4TFU" and "dAar AAFalPI KINT AAPP 9T KULAT
o@T" express negative feeling using negative lexicons (£¥H, ££4TFv-, AA-Tavl$9® and
@-0) respectively. So, these types of comments are correctly identified by both the
manual and automatic approach. In the same way, taking a sentence "¢+5@7 av-H. &
A7L71LTP 1¢- LNTA (NP 10 AIPOLAY Ui 00 PUT OFLI° PPANT 1NI° AR 10 £I°6Y"
and "h@Lh OLC PATIIC NNT10 ANTID- PIANNT @ forward a positive sentiment using a
positive lexicons (A9°@&AY, PPANT and (@Lh , OLC , P"IANAT®) respectively.
Sometimes people express sentiments toward more than one aspects in a social media
which is treated as multi-aspect classification problem. For instance, "&A@? 4 1@ 97
&LAar AL PRTINNT A@7L Fén aomdbar PNIO-CA", "hav PI°C-N 1T ALLNT £241 AT°NT
7 o A@7L HHET AT AAN1@-9°> and "U-A9° NQWAR aAsf it WAT &P 0Te o0& &
17 L@+ +avdnA”’ are multi-aspect sentiments. In the first sentence "&AaP 74 1@ is one
aspect and "&Aao AL PATINHT AD7L Téh aombar LRI@-L-A" is another aspect these
two aspects are joined by the invertor 907. These multi-aspect comments are correctly
labeled as negative by both automatic and manual approach.

Some comments are mislabeled by the automatic approach due to various reasons. To
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better understand why these reviews are not correctly labeled by the Emoji and lexicon
based automatic labeling, we closely looked at the data. Sometimes people use positive
words to give a negative feeling or negative words to give positive attitude. For instance,
"Pz 04fL" uses negative word "04f£" to express his love. These kinds of expressions are
difficult to annotate using lexicon-based system because it cannot handle context of a
sentence. So, the automatic approach makes such kind of comments to wrongly labeled.
Inconsistencies between automatic and human annotation could occur due to the following
reasons: i) absence of a lexicon in the lexicon database. ii) text annotation is subjective.
A positive text for one person may be negative for the other, and iii) Contextual
expression of a sentence. One can express a positive felling using a negative word and
vice versa.

From the results, most comments that are not correctly classified are context-based
expressions. For example, "o 1@ &pC 0O+ PoLOM@-" express ones positive excitation
to see the next episode of certain film or action, "20H A70% AA$9° AA7" express ones
negative feeling about certain event using positive lexicon. It is to mean that "I cannot
control my tears" these and other kinds of expression are context-based expressions.
There are incorrectly labeled multi-aspect comments that lower the automatic labeling
system. For instance, "191F 7 aoF 1@ 16 WE@-F 271 LL0" and "hAH Aot AN APU-T
I7 ReAATI°" are example of incorrectly labeled comments.

The automatic approach does not perfectly match with the human annotator. However,
it is very close. We believe that this is a good result as the automatic approach has
minimal overhead. Annotating comments by human require a significant amount of time
and energy. It is also subjected to human errors because many words are ambiguous.
The words become positive in some cases and negative in the other cases. This results
in some incorrect labeling by humans.

Disagreement between annotators is typically part of the annotation process. A sentence
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may express multiple emotions simultaneously [51]. This results in disagreement between
annotators, and even an individual is not always consistent with her/himself. In most
comments, annotators resolve their disagreement through discussion. Here, we have
examined the inter-annotators agreement using the 300 incorrectly labeled dataset. Inter-
annotators agreement can be used for analysis of the label sets, to improve the annotation
process, and resolve annotation difficulties.

Table b.10 shows the inter-annotators disagreement occur while annotating a dataset for
sentiment analysis.

Cohen's kappa coefficient (k) is used to measure inter-annotators agreement [51][52].
Each raters classify 300 items into 3 mutually exclusive categories. Inter-annotation
coefficient Kappa(k) is calculated as given in Equation 5.8. Cohen's kappa coefficient(k)
ranges from -1 to 1 [52]. According to Cohen the Kappa values <=0 indicates no
agreement, values ranges from 0.01 to 0.20 show slight agreement, values between 0.21
and 0.40 are fair, values between 0.41 and 0.60 are moderate, values between 0.61 and

0.80 as substantial, and values ranges from 0.81 to 1.00 indicate a perfect agreement[52].

k:po—pe
1-pe

(5.8)

where

po: relative observed agreement between raters.

pe: expected agreement. It is the proportion of items for which agreement is expected
by chance when the items are random. Table shows the agreement count between

the annotators on the 300 comments.
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First annotator | Second annotator
No | comment polarity polarity
1 | g w70%7 avamC 1@ ¢ P+ negative positive
2 | ooF 1@ ¢rC AN PULOMOD- positive neutral
3 | At AAOOD positive negative
4 | @x £o10 AhLh9"h% negative positive
heG 10 77 £9°0- NN LLALA hL: £9°6- PATTFo- : ‘s
O | (Fié. NCEAT DA 8D LAA negative positive
6 L0 AGAT 17 AEENT WOSTAU- positive negative
017 A FANTFAY A78 A3 FAAT Lk 1N9° £I°¢- A . .-
T | PARLS TG WIRHA 1T GIC LATEA negative positive
8 | A“1gara] A neutral negative

Table 5.10: Sample inter-annotators disagreement

Annotator two (B)
positive [ negative | neutral
positive | 106 10 3
Annotator one (A) [ negafive | 7 149 6
neutral |9 7 3

Table 5.11: Inter-annotator agreement count
The observed agreement is calculated as:

((Apositive, Bpositive) + (Anegative, Bnegative) + (Aneutral, Bneutral)) (5.9
po = :
total

po=(149+106+3)/300=0.86

The expected agreement is calculated as:

pe = Ppositive + Pnegative + Pneutral (5.10)

Here P refers the probability of being positive, negative or neutral.

((Apositive, Bpositive) 4+ (Apositive, Bnegative) + (Apositive, Bneutral))
*
total
((Bpositive, Apositive) + (Bpositive, Anegative) + (Bpositive, Aneutral))
total

Ppositive =

(5.11)

P positive=(106+10+3)/300%(106+7+9)/300=0.156
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In the same way we calculate P negative and P neutral as:

P negative=(149+7+6)/300*(149+10+7)/300=0.298

P neutral=(3+9+7)/300*(3+6+3)/300=0.0025

pe=P positive+P negative+ P neutral=0.4565

where: Sample notations used in the equations:

P positive= probability of being positive from the total comments

(A positive, B negative)= A value that annotator one (A) says positive but annotator two
(B) says negative.

The Cohen's kappa coefficient(k) using po=0.86,pe=1.999 and Equation b.§ is:
k=(0.86-0.4565)/(1-0.4565)=0.7424. Cohen k= 0.7424 interpreted as a substantial agree-
ment between the annotators.

From Table 5.10 and kappa coefficient(k=0.7424), this paper generalize there is no a
total agreement between the inter-annotators in all comments they are assigned to label.

However, most disagreements are resolved through discussions.

5.7 Threats to validity

In this research treat to validity may arise from the selection of feature size and classifiers
algorithms. For investigating the effect of stemming on Ambharic sentiment analysis, we
have stemmed 1077 comments and develop one LSTM layer with eight neurons, and
eight word embedding length. Other configurations of word embedding length, number
of layers and number neurons on each layer may give a different result.

Deep neural networks are prone to overfitting to reduce this unwanted characteristics the
paper used three techniques(early stopping, reducing neural network size and a dropout
range from 0.5 to 0.8). However, other combination of overfitting reduction techniques

may result in different result.
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Chapter 6

Conclusions and Future Works

6.1 Conclusion

The main objective of this research is to investigate the effect of integrating stemming
as part of preprocessing and to show the effect of adding labeled Emojis with lexicons
for automatic labeling system on Amharic sentiment analysis.

The results in this paper show that stemming has reduced the accuracy from 82.36% to
75.93% and from 90.7% to 90.27% for both LSTM and Multinomial Naive Bayes Bi-gram
(MNB) model respectively. This paper has concluded that stemming has no positive
impact on Amharic sentiment analysis. The results on the paper show that integrating
labeled Emojis with lexicons on automatic labeling system has increased the accuracy of
LSTM model from 86.43% to 86.98%. A 0.55% improvement is insignificant, this leads
to the conclusion that integrating emoji has a negligible effect on the labeling accuracy.
A comparison of automatic annotation with the human-annotation is measured by taking
3000 comments from the total dataset without considering human annotators disagree-
ment. The automatic and human annotation has 90.67 overlap similarity value. We
have concluded that automatic approach can replace human annotation with certain
modifications as the automatic annotation has minimal overhead in terms of time and

energy required.
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6.2 Future Works

Developing efficient fully-functional sentiment analysis requires coordinated team efforts
that comprise linguistic professional, computer science professional and other people that
can collect more comments from both public society and social media. Good coordination
of these different professionals can result in a full functional sentiment analysis model.

This research paper identifies the following direction as future work.

1. This work analyzes the effect of stemming on sentiment analysis using HornMorpho
2.5 Amharic morphological analyzer. In future we plan to test the approach using

other Amharic morphological analyzers.

2. This research paper uses automatic annotation using labeled lexicons and Emojis.
In the future we plan to use a dependency tree-based parser which consists direct
relations between lexical items in a sentence. This relationship directly encode
important information in a complex phrase structure. A dependency parse tree is
created by consistently parsing an input sentence into a sequence of dependency
relations which help to handle syntactic relation in a phrase. A dependency parse

tree is more advantageous for morphologically rich languages.

3. This research paper on sentiment analysis is limited to comments written in Amharic
language only. However, most users write a comment by transliterating Amharic
alphabets to English alphabets and others write a comment by combining Amharic
language with other languages like English, Tigrigna, and Oromigna. For next
works adding these languages will help in developing a full model of sentiment

analysis.
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4. As a future work, we plan to develop an ensemble of CNN and LSTM,CNN and BI-
LSTM networks or jointly train CNN-LSTM,CNN-BI-LSTM to improve the prediction

accuracy.
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Appendix A

Normalized characters

60

The following are some Normalized characters

0=h P=h
9=h a.=m-
0-=h- >=v
%=h, “+=U-
9=h 1=
%=h, >=u
0=h =%

1=y
=y
A=
7=0

=0

Word Normalization

The following list show Normalized words

hATTE=h TR0
havpt=hnt 20T
- G=4LAT°
At C=h o5 g

AT =LA

15=h78%F
gavfn=gavfy
ALN=a.L &
2/c 2ntc

PO-0-O-D=P M+

A=y =19
=% A1
= =2
Z=6 w=(
A=0 w=(}
&-=0~ UL =0\,
A.=1 vi=q4

PR A
PN NN WA
[ X X o o =T X o
SPCCC=FPC

DL ML &

Ao-Lo=po L.
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Appendix B

LSTM model

topwords=15000

maximumlen=433

epoch=8

batch=14

embedding_size = 8

model=Sequential()

np.random.seed(0)
model.add(Embedding(topwords,8,input_length=maximumlen,dropout=0.5))
model.add(LSTM(8,return_sequences=True,input_shape=(x_train.shape[0],x train.shape[1])))
model.add(Dropout(0.7))

model.add(Flatten()

model.add(Dense(16, activation='sigmoid'))

model.add(Dropout(0.5))

model.add(Dense(3, activation='softmax"))

model.compile(loss='sparse_categorical crossentropy', optimizer='adam', metrics=['accuracy')
print(model.summary())

history=model.fit(x_train,y train,validation_data=(x_val,y val),epochs=epoch,batch _size=batch,ver
callbacks=[EarlyStopping(monitor='val_loss', patience=5, baseline=0.3)]) loss, accuracy =
model.evaluate(x_test, y_test,verbose = 2, batch_size=batch)
print("Training_Accuracy::.4f".format(accuracy))

plt.style.use('ggplot’)

def plot_history(history):



acc = history.history['acc']

val_acc = history.history['val acc']

loss = history.history['loss']

val loss = history.history['val loss']

x = range(1, len(acc) + 1)
plt.figure(figsize=(12, 5))

plt.subplot(1, 2, 1)

plt.plot(x, acc, 'b', label="Training_acc")
plt.plot(x, val acc, 'r', label="Validation acc")
plt.title('Training and validation accuracy')
plt.legend()

plt.subplot(1, 2, 2)

plt.plot(x, loss, 'b', label='Training_loss")
plt.plot(x, val loss, 'r', label='Validation loss")
plt.title('Training and validation_loss")
plt.legend()

plot_history(history)
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