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ABSTRACT

With the rapid growth of web technologies, individuals and organizations are
increasingly using public opinions in blogs, forums, review sites, social networks, etc.
for expressing their views and opinions. These reviews are very useful for service
providers, manufactures and organizations in making informed decisions and
improving their service. However, the huge volume of reviews on the social media
grows so rapidly and becoming increasingly difficult for users to analyze and extract

relevant information. Therefore, an automated sentiment analysis is needed.

In this research, we presented a multiscale sentence-level sentiment analysis for
Tigrigna online posts using a supervised machine learning approach. The multiscale
Tigrigna sentiment analysis model classifies a given sentence into five predefined
classes: very positive (2), positive (1), neutral (0), negative (-1) and very negative (-2).
We have used three supervised machine-learning algorithms: Naive Bayes (NB),
Maximum Entropy (MaxEnt) and Support Vector Machine (SVM) with unigram,
bigram, trigram and hybrid of unigram and bigram variants of N-gram as a feature. The
proposed model contains different components like preprocessing (tokenization,
normalization, stop word removal), morphological analysis (lemmatizing), feature
extraction, training a machine learning algorithms, classification and evaluation of the

result using evaluation metrics.

For conducting the experiments, 1500 Tigrigna sentences are collected from different
sources. Due to the morphological complexity of the language, preprocessing
techniques have been applied in order to clean noisy data and reduce sparseness and
dimensionality of the dataset. After preprocessing, the dataset is lemmatized, before it
is given to training phase of the experiment. The experimental results show the SVM
algorithm with unigram language model outperforms all algorithms with 71% accuracy.
In conclusion, despite the language morphological complexity and lack of effective
morphological analysis tools, the achieved experimental results are promising.
However, we are convinced that the results could improve further with a larger, pre-

annotated and cleaned corpus.

Keywords: Tigrigna Language; N-gram model; Multi-scale Sentiment Analysis;

Maximum Entropy; Support Vector Machine; Naive Bayes
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CHAPTER 1
INTRODUCTION

1.1 Background

The rapid growth of web technologies such as blogs, forums, and various other types
of social networks such as Facebook, Twitter, YouTube, LinkedIn, etc., provides
people a medium to find useful information in a factual and opinion forms, to share
their views, experiences, ideas, and opinions and influence each other by providing
sentiment. The web technologies; which have billions of users over all the globe,
provide a platform, to comment in discussion forums and other social medias about
other people’s posts, newly launched services, products. Individuals and organizations
are increasingly using public opinions in blogs, forums, wikis, review sites, social
networks, tweets and so on for their decision-making. This has changed the manner in
which people communicate and influence social, political and economic behavior of
other people and organizations. According to Pang & Lee (2008) ,an opinion is a
person's view, judgments, appraisal, ideas and thoughts formed in the mind towards
entities, individuals, issues, events, topics, a particular matter and their attributes. Huge
amount of text sentiment or opinion is stored on the social media in the form of tweets,
status updates, blog posts, comments, Facebook posts, reviews etc. This yields in an
enormous amount of unstructured information, which requires systematic and efficient
categorization (Pang et al., 2002). Therefore, it is important that doing analysis on that
sentiment to extract and identify the opinions of people regarding company, products
and people and provide a relevant information for organizations which is crucial in

making the right decision.

Sentiment analysis is the multidisciplinary field of study; that deals with identifying,
extracting and analyzing people’s sentiments, attitudes, emotions and opinions; about
different entities such as products, services, individuals, companies, organizations,
events and topics. It includes multiple fields such as Natural Language Processing
(NLP), Text Analysis, Computational Linguistic (CL) s, Information Retrieval (IR),
Machine Learning (ML) and Artificial Intelligence (Al) (Liu, 2012a). It determines the
subjectivity whether the expression is subjective or objective and uses automated tools
to detect the subjective expressions of opinion holders. In general, sentiment analysis

is widely used in various fields to analyze people’s sentiments on various



application domains can be movies, products, politics, hotels and others specific topics
with their attributes in order to extract subjective information in a given text unlike

factual information, opinions and sentiments are subjective (Abdul-mageed et al., 2013).

According to Liu (2012) and Saberi & Saad(2017) sentiment analysis can be done at
three levels: document level, sentence level or feature level. The document level
sentiment classification classifies the whole opinion expressed by the opinion holder as
positive, negative and neutral. In sentence level sentiment analysis, there are two major
tasks: the subjectivity classification and sentiment classification. The subjectivity
classification deals with classifying every sentence in the given document in to
objective sentences which express factual information and subjective sentences which
express opinions. The sentiment classification is concerned with polarity classification
such as positive, negative or neutral classification. At the feature level, instead of
looking at document, sentence or paragraph it directly looks at the opinion itself. In this
research, our focus is on sentence level sentiment classification of Tigrigna texts.

There are two main techniques for sentiment classification namely Machine Learning
and Lexicon based approach(Liu, 2012). There are three types of machine learning
techniques; supervised learning, semi-supervised learning and unsupervised learning.
In supervised leaning, a collection of labeled sentiment examples is provided to the
model for training to decide the polarity. In contrast to supervised learning,
unsupervised is unlabeled and they do not offer with the correct aims at all and therefore
depend on clustering. The second sentiment analysis method, lexicon-based approach
uses dictionaries of words footnoted with their semantic orientations. It has two

techniques dictionary-based approach, and corpus-based approach.

Corpus-based approaches find co-occurrence patterns of words to determine the
sentiments of words or phrases (Hatzivassiloglou & McKeown, 1997; Turney, 2001).
Dictionary-based approaches use synonyms and antonyms in WordNet to determine
word sentiments based on a set of seed opinion words. Due to the increasing of social
media users in both Ethiopia and Eritrea, large volume of Tigrigna texts is available in
social media, which include Facebook, Twitter and YouTube. As result, this study deals
with sentiment analysis to, automatically analyze sentiments written in Tigrigna using

supervised machine learning approach.



1.2 Statement of the problem

The growth of Internet technologies and the availability of smart phones provide the
benefit for people to actively express their feelings and emotion on, products, news,
governmental policy, governmental service and political campaigns issue through
social media platforms. Similarly, they can also provide sentiments, feedbacks and
feelings on business companies, product companies and public services through social
media platforms. People makes commentaries about a certain subject or talks about
their personal experiences and invite readers to provide their own comments about
products, services, organizations, events etc. Opinions are so important that whenever
we need to make a decision, we want to hear other’s opinions. This is not only true for
individuals but also for organizations. People give comments about the goods and bad
features of the products, services on social media networks and different websites.
Getting these feedbacks is very helpful and informative for the users, services providers,
manufacturers, producers etc.

With the fast-growing development of the web and social media engagement, the
number of documents expressing opinions becomes more and more important (Tromp,
2011).As a result, governmental and non-governmental organizations are moving
towards using online social media platforms for collecting feedbacks, opinions about
their products, services etc.However,due to the rapid growth of opinionated documents,
a large number of reviews and posts exists on the web, the need for finding relevant
sources, extract related sentences with opinions, summarizing and organizing them to
a useful form is becoming difficult for companies or service providers to get the
sentiment of the customer easily and at the same time, it also makes it difficult for a
potential customer to read them for making an informed decision on whether to
purchase the product or not. The feedback collecting methods are tedious, time and
resource consuming but important for the organization. Therefore, it is highly
significant to have an automatic sentiment analysis tool for efficiently grasping
opinions in a short time.

Social media users can write and express their sentiments, feedbacks and feelings by
using different languages like Tigrigna, Amharic, Arabic and English on topics posted
on social media. Extracting this information and classifying it according to their degree
of polarity by using machine-learning approach is the main interest of this research
work. There are different sentiment analysis researches conducted for Amharic (Selama
Gebremeskel, 2010; Tulu Tilahun, 2013;Abreham Getachew, 2014;Wondwossen



Philemon & Wondwossen Mulugeta, 2014) and English ((Mourad & Darwish,
2013);(Salunkhe & Deshmukh, 2017);Pang & Lee, 2008). Tigrigna is closely related to
Ambharic and distantly related to Arabic, but there are important morphological
structure and language behavior differences. As a result, we cannot apply these stated
research studies directly. There is a work done using rule based approach for Tigrigna
by Nabyom Shishay(2018) and also another rule based Trilingual sentiment analysis
research conducted for Amharic, English and Tigrigna languages (Mebrahtu Tadesse,
2018).

The research works conducted for Tigrigna by (Mebrahtu Tadesse, 2018; Nabyom
Shishay, 2018) used manually prepared lexica of Tigrigna sentiment terms to identify
and assign polarity values. Even though a rule-based approach is considered as a
valuable alternative for underdeveloped and under resourced languages like Tigrigna,
systems developed using this approach are not easy to scale-up and unavailability of
huge lexical domain like sentiword makes classification using lexical knowledge
difficult. Besides, machine learning performs with less human intervention and have
the ability to improve overtime(Wondwossen Philemon & Wondwossen Mulugeta,
2014) (Pang et al., 2002).As far as the researcher’s knowledge is concerned, there is no
multi-scale sentiment analysis research conducted for Tigrigna online texts using a
machine learning approach. In this research work, we attempted to design and develop
machine learning based multi-scale sentiment analysis of Tigrigna texts, as it is worth
of conducting the study taking in to account the rapid growth of Tigrigna texts on social
media. The main aim of this research is therefore, to develop a sentence-level sentiment
classification model of Tigrigna posts which classifies the online texts into five classes
namely very positive, positive, neutral, negative and very negative. Only explicit and
regular types of sentiments with n-gram models are used for feature selection and
extraction by annotating the training and testing data manually, and this will improve
current activities of opinion mining by adapting machine learning based sentiment
analysis. At the end of this study, the research aims to answer the following research

questions (RQ) from the obtained experimental result.

RQ1. What are the important features that can be extracted from opinionated

Tigrigna texts that have the greatest influence on sentiment analysis?

RQ2. Which machine learning techniques perform better classification for Tigrigna
sentiment analysis?

RQ3. What is the effect of stemming on the Tigrigna language sentiment analysis?



1.3 Objectives of the study
1.3.1 General Objective
The general objective of this research is to design and develop a multi-scale sentiment

analysis model of Tigrigna online texts using a machine learning approach.

1.3.2 Specific Objectives

The specific objectives of the research are to:

o Review available related literature on sentiment analysis, techniques of
sentiment analysis.

o Analyze the general structure and morphology of Tigrigna sentences related to
identifying statements, which express sentiments.

o Collect the dataset and prepare the needed corpus

« Design the general architecture of sentiment analysis system.

o Preprocess, lemmatize and stemming of the dataset

« Develop the model for Tigrigna sentiment analysis system.

o Train the machine learning algorithms using the training dataset

« Evaluate the effectiveness of the proposed model using precision, recall and

F-measure.

1.4 Scope and Limitation of the Study
Scope of the study

Tigrigna multiscale sentiment analysis deals with classifying extracted multiscale
sentiments from Tigrigna social media texts (posts, comments, feedbacks) written with
Geez script at a sentence level using a supervised machine learning approach by
considering only regular and explicit sentiment types into a predefined five polarity

classes namely: very positive, positive, neutral, negative and very negative.
Delimitation of the study

Tigrigna multiscale sentiment analysis does not work for feature or aspect level
sentiment analysis and does not consider implicit and comparative sentiment types.
Idiomatic expressions, sarcasm, slang of words, and sentiments expressed through an
image/picture, an audio, video and other emotional symbols are out of scope of this
study. It does not also cover sentiment analysis tasks like subjective or objective

classification.



1.5 Significance of the Study

The research made efforts to provide the following domain benefits:

The model can help in decision making on activities like to design new policy

and strategies, new product launches, politics, movies, music, etc.

The model can provide structured and summarized sentiment information

about public opinion.

Business and organizations can use the system to reduce the money spent to

find consumer’s sentiment and opinions.

The model can be used to answer opinion questions and reactions towards

some events such as the 6th Ethiopian national election on June, 2021.

The model can be used as an advertisement means when one praises a product

using the system.

Can be used for other researchers” who want to work on Tigrigna sentiment

analysis with specific domain(s).

1.6 Organization of the Thesis

This research paper is organized in six chapters. Chapter 1 presents introduction,

statement of the problem, objectives, significance, scope and limitation of the study.

Chapter 2 discusses an overview of sentiment analysis and the different techniques used

in sentiment analysis researches., the general steps in sentiment analysis are discussed.

Linguistic behavior of Tigrigna and its challenges in sentiment analysis and related

works of the research are also discussed in this chapter. Chapter 3 presents the

employed research methodology. Chapter 4 discusses the general architecture and

design of multi-scale sentiment analysis model for Tigrigna texts. Chapter 5 shows

experiment conducted and performance evaluation of the model with analysis of results.

Chapter 6 presents conclusions, contributions and recommendations of the study.



CHAPTER 2
LITERATURE REVIEW

2.1 Overview

In this chapter, numerous works carried out on sentiment analysis is reviewed to;
identify the gap and findings of the research. It is also reviewed to have deep
understanding about concepts, techniques and methods of sentiment analysis,
background literature on general sentiment analysis, types of sentiment analysis,
components of sentiment analysis, levels of sentiment analysis, steps of sentiment
analysis, classification approach of sentiment analysis metrics and evaluation methods,
supervised ,unsupervised and semi supervised machine learning approaches, lexicon

based approaches ,Tigrigna language and related works have been reviewed.

2.2 Sentiment Analysis

Textual information in the world can be broadly classified into two main categories,
facts and opinions. Facts are objective statements about entities and events in the world
in other hand opinions are subjective statements that reflect people’s sentiments or
perceptions about entities and events that are not necessarily based on a fact. People
have lots of different opinions and in many cases people can have differing opinions on
the same issue(Tromp, 2011).Sentiment is a belief, thought or judgment prompted by a
feeling, which may use to express emaotions, opinions, attitudes, views, outlooks,
approaches, experiences etc. It may be expressed in a form of text, speech, tweets, news,
posts, etc. For example, some people may have the opinion that “life begins at birth and
that abortion should be illegal or restricted only to rare situations such as when the life
of the mother is in danger”. Other people have the opinion that “abortion is a woman's
health issue and that women should have the freedom to choose whether to abort a child
or not”. Berhe can have the opinion that reading is boring; while Rahel can have the

opinion that reading is fun.

The web contains a bulk of opinions about products, politicians, events and more which
are expressed in newsgroup posts, review sites, social networking sites etc. Much of the
existing research on text information processing has been focused on mining and
retrieval of factual information, e.g., information retrieval, Web search, and many other
text mining and natural language processing tasks. Little work has been done on the
processing of opinions until recently. Yet, opinions are very important whenever one

needs to make genuine decision. This is not only true for individuals but also true for



organizations (Tripathy et al., 2015).Unlike factual information, opinions and
sentiments have an important characteristic, namely, they are subjective. It is thus
important to examine a collection of opinions from many people rather than only a
single opinion from one person because such an opinion represents only the subjective
view of that single person, which is usually not sufficient for application. Due to a large
collection of opinions on the web, an automated sentiment analysis is thus needed(Pang
& Lee, 2008).

Sentiment analysis, also called opinion mining, is the field of study in natural language
processing (NLP) that analyzes people’s opinions, sentiments, evaluations, appraisals,
attitudes, and emotions towards entities such as products, services, organizations,
individuals, issues, events, topics, and their attributes towards some particular real-
world entity. It represents a large problem space and widely used in various fields to
analyze people’s sentiments on various application domains can be movies, products,

politics, hotels and others specific topics (Liu, 2012a).

Interpretation of opinions could be challenging for humans, as binary distinction of
opinions as only positive or negative may not be sufficient. The scale values show the
strength of positivity or negativity of a text as rank. It provides a quick indication of the
tone of a text and provides a more refined analysis, which is important for several real
life applications such as comparison of several opinions and for giving ranks to different
opinions(Pang & Lee, 2005).

Classification of human’s opinions is challenging because of the polarity of the people’s
sentiment. Basic sentiment analysis allows to determine or measure the polarity of
sentiment. In other words, it involves classifying opinions in text into categories like
positive, negative, or neutral. Sentiment analysis is not simple task as it includes the
study of NLP that process grammatical issues in order to identify the opinionated terms
in the language(Turney, 2001). The multi-scale property of sentiment indicates the
extent to which an intensity of certain emotions such as love, joy, surprise, anger,
sadness, fear etc. gives a better insight to sentiment analysis. To handle both factual and
emotional evaluations it is significant to apply multi-scale sentiment analysis to the

opinions of the sentence(Wondwossen Philemon & Wondwossen Mulugeta, 2014).

2.3 Types of Sentiment
Liu (2012) divided sentiment into two types, regular and comparative sentiments. The
regular sentiment is used to express desired or undesired states or situations (e.g.



wonderful (7##9grum), poor (£7#9dKum), pleasing (7#47<4tHtna), delightful
(ezA7i/meHegosi), etc.) and is often referred to simply as opinions in this research. It
includes two main sub-types. These are direct opinion, which is expressed directly on
an entity or one of its aspects (e.g., “This drug is very good.”). In contrast, indirect
opinion is expressed on an entity based on its effect on some other entities (e.g., “After

taking this drug, my blood pressure rises.”).

The comparative sentiment is used to express comparative or superlative opinions (e.g.
better, worse, best, etc.) This states the similarity or difference relationship among two
or more entities and /or a preference of the opinion holder based on some mutual aspects
of the entities. For example, a typical regular opinion sentence is “The voice quality of
this phone is amazing,” and a typical comparative opinion sentence is “The voice
quality of Samsung is better than that of Techno.” This comparative sentence does not
say that any phone's voice quality is good or bad, but simply states a relative ordering
in terms of voice quality of the two smart phones. The comparative opinion is usually
expressed using the comparative or superlative form of an adjective or adverbs,

although not always.

In addition to this classification, sentiment can be classified depending on how they
are stated in text, explicit opinion and implicit or implied opinion(Jindal & Liu,
2006).Explicit sentiment is a subjective statement and gives a regular or comparative
opinion, e.g. (“Pepsi tastes great,” and “Pepsi tastes better than Coke”). As it is shown
in the example, explicit sentiment is clearly and unambiguously expressed or stated. In
contrary to explicit sentiment, implicit sentiment is an objective statement that infers a
regular or comparative sentiment. These often describe a desirable or undesirable fact,
e.g., (“The battery life of Techno phones is longer than Tana phones”). An explicit
sentiment is easy to identify and classify than implicit one. Therefore, it is important to

consider both explicit and implicit sentiment during sentiment analysis tasks.

2.4 Components of Sentiment Analysis

The sentiment analysis consists of three basic components (Liu, 2012b; Wiebe &
Mihalcea, 2005): opinion holder, object and opinion. Opinion holder is a person or an
organization that expresses the opinion on a particular object, event, topic or services.
It is also called an opinion source. Object is an entity that can be a product, a person,
an event, an organization or a topic, which opinion holders have expressed an opinion

on that object. An opinion is the view, attitude, opinion, sentiment or appraisals on a
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particular object from an opinion holder. The opinion expressed in the object can be
strong positive, positive, neutral, negative or strong negative sentiments or can be a
numeric rating score that expresses the strength or intensity of the sentiments. During
sentiment analysis, the (very) positive, (very) negative and neutral are called the
semantic orientations or polarities(Abdul-Mageed et al., 2011). Example: Gebre said
that the printer is slow. Here Gebre is the opinion holder, printer is the object and slow

is the actual opinion or sentiment towards the Printer.

2.5 Sentiment Analysis Levels

As Liu (2012) stated, sentiment analysis can be conducted at different levels of
granularity with different levels of detail. It can take place in three levels: Document
level sentiment analysis, Sentence level sentiment analysis and Entity or Aspect level

sentiment analysis.

2.5.1 Document Level Sentiment Analysis

The task at this level is to classify whether the whole review document expresses a
positive or negative sentiment. For example, in a given movie review or product review,
the system determines whether the review expresses an overall positive ,neutral or
negative polarity about the movie or the product. In some cases, a neutral class is also
considered. This level of analysis assumes that each document expresses an opinion on
a single entity (e.g., a single movie or single product). Hence, it is not applicable to

documents, which evaluate or compare multiple entities (Pang et al., 2002).

2.5.2 Sentence Level Sentiment Analysis

The task at this level is to determine whether each sentence expresses positive, negative
or neutral sentiments. In this level, besides sentiment classification, subjectivity
classification is another problem. Since, subjectivity classification aims to determine
whether the sentence is subjective or objective. A subjective sentence expresses a
subjective view and determines either the sentence is positive or negative sentiment,
whereas, an objective sentence expresses a factual information from a sentence (Abdul-
Mageed et al., 2011).Supported by this observation, the type of granularity that is
preferable for social media posts is the sentence level sentiment analysis and this
research work deals with the sentence level sentiment analysis because the corpus is

composed of social media texts including posts, comments and feedbacks.
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2.5.3 Aspect Level Sentiment Analysis

Aspect level directly looks at the opinion itself instead of looking on the language
constructs (documents, paragraph, sentences, clause or phrases). It is based on the
concept that an opinion consists of a sentiment either positive or negative and a target
of opinion (Somprasertsri & Lalitrojwong, 2010). During aspect level sentiment
analysis, identifying an opinion target helps to understand the sentiment analysis
problem better. For example, “although the service is not great, I still love this hotel”,
this sentence contains positive polarity, but we cannot say that the sentence is entirely
positive. In fact, the sentence is positive about the hotel (emphasized), but negative to
the service (not emphasized). In different applications, opinion targets are represented
by entities and/or their different aspects because the aim of this level of sentiment
analysis is to discover the sentiments on the specific object entities and/or their aspects.
At the end, it provides the structured summary of sentiments about entities and their

aspects from unstructured texts(Liu, 2012a).

2.6 Major Subtasks of Sentiment Analysis

Sentiment analysis involves the main subtasks of sentiment identification (identifying
the opinionative words or phrases), feature extraction (identifying the features required
for the analysis), sentiment classification (classifying the polarity as positive, negative
or neutral), and summarization of result (Siqueira & Barros, 2010).Web users use
various blogs, forums, social networking sites, and review sites to express their personal
feelings, opinions, emotions, and feedback in relation to a particular product, service,
individual, organization ,or event. The sentiment analysis process begins with data
collection, which involves collecting data from opinion sources related to domains

under study.

2.6.1 Sentiment ldentification

Once the collected data is preprocessed, sentiment identification is performed.
Sentiment identification also known as subjectivity detection is the task of identifying
objective and subjective sentences. Objective sentences are those which do not exhibit
any sentiment (Chaturvedi et al., 2018). So, it is desired for a sentiment analysis engine
to find and separate the objective sentences for further analysis, e.g., polarity detection

or sentiment classification.
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2.6.2 Feature Extraction

The feature extraction subtask, which follows opinion identification, is a subtask of
sentiment classification task that aims to identify the important words in the inputted
text document. Examples of text features include part-of-speech (POS), term presence
and frequency, negations, and opinion words and phrase (Yadollahi et al., 2017).
Feature extraction subtask will reduce the amount of data that needs to be considered
in the subsequent sentiment classification subtask. As the extracted features will be fed
to the classifier, it is vital to extract the correct features which will contribute to the
success of the machine learning technique that will be used in the sentiment
classification subtask that will follow.in some researches the features such as term
presence, opinion words and phrases (Liu, 2010), positions of words, part-of-speech,
syntax and negation are used to limit the classification challenge (Pang et al., 2002).
The explanation of the term presence, opinion words and phrases, n-grams, part-of-

speech, syntax and negation are given in the following.

Term Frequency and Presence: Describe the text as a vector representing the number
of times individual terms have been repeated. Term presence improves the sentiment
classification task (Pang & Lee, 2008).In the term based features, document
representation emphasizing term presence contain 1 if term appears in the document at

least once, 0 otherwise.

Opinion Words and Phrases: These words are regularly used to express positive or
negative sentiments. For example, beautiful, wonderful, good, and amazing are positive
opinion words, and bad, poor, and terrible are negative opinion words. Although many
opinion words are adjectives and adverbs, nouns (e.g., rubbish, junk, and crap) and
verbs (e.g., hate and like) can also indicate opinions. Not only single terms, there are
also sentiment phrases and idioms, e.g., cost someone an arm and a leg. Opinion words

and phrases are instrumental to sentiment analysis for obvious reasons.

Word positions: Term positions are also significant in representing the document for
sentiment analysis. The position of terms decides, and sometimes reverses, the polarity
of the sentence. So, position information is sometimes encoded into the feature
vector(Pang & Lee, 2008).

Part-of-Speech: Adjectives are good pointers of sentiment in text. For example,
(Turney, 2001) uses part-of-speech patterns, most containing an adjective or an adverb,

for sentiment detection.
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Syntax: Syntax information may contain vital text features such as negation,

intensifiers, and diminishers, which use for sentiment analysis(Liu, 2012a).

Negations: Negations reverse the polarity of the sentence by coming before the word

and sometimes before and after a word.

2.6.3 Sentiment Classification

Sentiment classification is a fundamental task which refers to the task of automatically
categorizing or classifying a given opinionated piece of text into predefined classes
such as, “positive”, “negative”, “neutral”,” very positive”, and “very negative. It mainly
consists of two important tasks, sentiment polarity assignment and sentiment intensity
assignment (Abbasi et al., 2011). Sentiment polarity assignment deals with analyzing,
whether a text has a positive, negative, or neutral semantic orientation. For example, in

'79

the sentence, “Mary is very beautiful!” the word beautiful is adjective which shows the
positive sentiment of the given sentence. Sentiment intensity assignment deals with
analyzing, whether the positive or negative sentiments are mild or strong. Consider the
two sentences “I don’t like you” and “I hate you very much”, both sentences are
negative but the second sentence is more intense than the first. Sentiment intensity
assignment is more important for multi-scale sentiment analysis as it considers many
intensifiers of the language.

Sometimes it is crucial that considering more precise about the level of polarity of the
opinion, so instead of just talking about positive, neutral, or negative opinions the multi-
polarity levels like very positive, positive, neutral, negative and very negative are
looked at, this is generally referred to as fine-grained sentiment analysis (Pang & Lee,
2005). It could be, for example, represented by 5-star rating in a review, e.g.: very
positive = 5 stars and very negative = 1 star. Some systems also give different flavors
of polarity by recognizing if the positive or negative sentiment is linked with a specific
feeling, such as, anger, sadness, or worries (i.e., negative feelings) or happiness, love,

or enthusiasm (i.e., positive feelings).

2.6.4 Sentiment Summarization

It is essential for the users when they look at the results to get a general understanding
of peoples’ sentiments towards an item/product or a specific feature. The data need to
be analyzed, before the results can be summarized and efficiently presented to the
indented users in a concise understandable form (Tedmori & Awajan, 2019). The

summarization of results subtask involves presenting the user with a summary of the
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results of the analysis. This summary can range from a simple list of positive and
negative evaluations to more advanced graph based summarization and summary
models(Liu, 2010). In the case where the volume of data is large, presenting this data
in a graphical manner can be more efficient than presenting it in basic tabular or

numerical formats.

Hu & Liu (2004) used aspect-based summary when presenting the summary of opinion,
by employing two numbers for each aspect; one shows the number of positive feelings
towards this aspect and the other shows the number of negative feelings towards the
same aspect. Zhuang et al.(2006) provide a statistical summary showing the sentiment
distribution of each aspect along with the corresponding sentences for each aspect and

sentiment.

2.7 Common classification Approaches
There are different approaches to the problem of sentiment classification. The most
commonly applied techniques for sentiment classification are machine learning, lexicon

based, and hybrid approaches. The subsequent sections discuss each approach in detail.

2.7.1 Machine Learning Approach

Machine learning is the sub-field of artificial intelligence that helps a computer to learn
without explicitly programmed but learn from a given labeled example data or
experience. The machine learning approach combines linguistic features and machine
learning algorithms. Machine learning methods are categorized into supervised,

unsupervised, and semi supervised methods.
2.7.1.1 Supervised Learning

Supervised methods depend on the availability of large annotated training data. The
supervised machine learning methods provides a solution to the classification problem
based on training algorithms that involves two steps: learning the model from a corpus
of training data and classifying the unseen data based on the trained model(Singh &
Shahid Husain, 2014).

Supervised sentiment classification model classifies sentiment sentence based on large
labeled sets of data: training set and test set. The datasets are then provided to the model
during the training and testing processes to produce a meaningful prediction output.
The success of the learning process mainly depends on the selection and extraction of
the specific set of features useful for a sentiment detection. Supervised classifier can be

implemented with the following steps and components:



15

(a) Training

i 4 Machine
Learning
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(b) Prediction
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Figure 2-1 Components of supervised learning(Steven et al., 2009)

In the training process (a), the model learns to associate a particular input (i.e., a text)
to the corresponding output (tag) based on the test samples used for training. The feature
extractor transfers the text input into a feature vector. Pairs of feature vectors and tags
(e.g., very positive, positive, very negative, negative, or neutral) are fed into the
machine learning algorithm to generate a model. In the prediction process (b), the
feature extractor is used to transform unseen text inputs into feature vectors. These
feature vectors are then fed into the model, which generates predicted tags (again, very
positive, positive, very negative, negative, or neutral)(Steven et al., 2009).

The machine learning algorithms like Naive Bayes, Maximum Entropy and Support
Vector Machine (SVM) have achieved very good classification performance in
sentiment analysis(Pang et al., 2002). The classifiers are trained on label dataset having
samples representing all classes. A test dataset is used to evaluate the performance of
the classifiers for the given task. Let the set of sentences as {S = s1,...,sn}, and set of
classes labeled as {C = c,...,Cn}, then the task is to classify sentences si in S with a
label ci in C. This task can be performed using supervised classifiers. The most
commonly used sentiment analysis classifiers are discussed below.
i.  Naive Bayes

Naive Bayes is a simple probabilistic classifier based on Bayes' theorem, which is
especially suitable for situations with high input dimensions. Naive Bayes can learn the
pattern of examining a set of documents that has been categorized (Kurt Junshean E.,
2013). It compares the contents with the list of words to classify the documents to their
right category or class. It assumes an underlying probabilistic model and allows us to
capture uncertainty about the model in a principled way by determining the
probabilities of the outcomes. Naive bayes results from applying Bayes Theorem with
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independent assumptions between the features and it assumes that the presence (or
absence) of a particular class feature is unrelated to the presence (or absence) of any
other feature. It is an approach to text classification that assigns the class ¢ * = argmax

P(c | d), to a given document d.

Ple)Pid e)
Pleld)= NN (2

The Naive Bayes (NB) classifier uses the Bayes’ rule, Where, P (d) plays no role in
selecting c*. To estimate the term P(d|c), Naive Bayes decomposes it by assuming the
fi’s are conditionally independent given d’s class as in the following Naive Bayes

1)

0

Where, m is the no of features and fi is the feature vector. Consider a training method

F.‘l.'E (ﬂ'| d )

(2-2)

consisting of a relative-frequency estimation P(c) and P (fi | c).

The Naive Bayes classifier is the simplest and most commonly used classifier. Naive
Bayes classification model computes the posterior probability of a class, based on the
distribution of the words in the document. The model works with the n-gram feature
extraction which ignores the position of the word in the document. Despite its simplicity,
and its conditional independence assumption is obviously not valid in the real world,
text classification based on Naive Bayes still tends to work very well. In fact, Naive
Bayes is optimal for some problems with highly dependent features. Many researches
have shown the Naive Bayes algorithm classify reasonably well.
ii.  Maximum Entropy (MaxEnt)

Maximum Entropy (ME) classification is yet another technique, which has proven
effective in a number of natural language processing applications.it always tries to
maximize the entropy of the system by estimating the conditional distribution of the
class label. The conditional distribution defined, as MaxEnt makes no independence
assumptions for its features extracted from the given dataset, unlike Naive Bayes.
Sometimes, it outperforms Naive Bayes at standard text classification(Berger et al.,
1996). The fundamental principle of Maximum Entropy is that the distribution should
be uniform. Besides, constraints for the model that characterize the class-specific
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expectations for the distribution are derived from labeled training data. When using
maximum Entropy, the first step is to identify a set of feature functions, which define a
category. Its estimate of P(c | d) takes the exponential form as in the, where, Z (d) is a

normalization function.

I .
P (f |d )= mﬂl’(z, biok u(d L ]) (2-3)
In the second step, it determines Fi, c is a feature/class function for feature fi and class
c,asin,

| n(d)>0and ' =c (2-4)

) otherwise

F dc)=

MaxEnt classifier (known as a conditional exponential classifier) is used to explain the
relationship between one nominal dependent variable and one or more independent
variables. MaxEnt measures the relationship between the dependent variable (our
label/polarity class, what we want to predict) and the one or more independent variables
(or features/sentences), by estimating probabilities using its underlying logistic function.
These probabilities must then be transformed into binary values in order to actually,
make a prediction. This is the task of the logistic function, also called the sigmoid
function. The Sigmoid-Function is an S-shaped curve that can take any real-valued
number and map it into a value between the range of 0 and 1, but never exactly at those
limits. These values between 0 and 1 will then be transformed into either 0 or 1 using a
threshold classifier. We want to maximize the likelihood that a random data point gets
classified correctly, which is called Maximum Likelihood Estimation. Maximum
Likelihood Estimation is a general approach to estimating parameters in statistical
models. We can maximize the likelihood of using different methods like an
optimization algorithm. Newton‘s Method is such an algorithm and can be used to find
maximum (or minimum) of many different functions, including the likelihood function.

Instead of Newton‘s Method, we could also use Gradient Descent(de Vries, 2017).

MaxEnt is much more robust to correlated features; compared to Naive Bayes classifier;
if two features f1 and f2 are perfectly correlated, regression will simply assign half the
weight to wl and half to w2. Thus, when there are many correlated features, logistic
regression will assign a more accurate probability than naive Bayes. Nonetheless, these

less accurate probabilities often result nonetheless in naive Bayes making the correct
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classification decision. For example, a specific feature/class function can be triggered
if and only if the bigram "still hate" appears and the sentence sentiment is assumed to
be negative. Importantly, unlike Naive Bayes, maximum entropy does not make
assumptions about the relationship between features, so it may work better when the
conditional independence assumption is not met.
iii.  Support Vector Machine

Support vector machines (SVMs) have been shown to be highly effective at traditional
text categorization, generally outperforming Naive Bayes(Joachims, 1998). They are
large-margin, rather than probabilistic, classifiers, in contrast to Naive Bayes and
Maximum Entropy. In the two-category case, the basic idea behind the training
procedure is to find a maximum margin hyperplane, represented by vectorw, that not
only separates the document vectors in one class from those in the other, but also for
which the separation, or margin, is as large as possible. This corresponds to a
constrained optimization problem; letting ¢; € {1, —1} (corresponding to positive and
negative) be the correct class of document dj, the solution can be written as the
following equation.

=S oo d (25)
W= Z,ﬂ.;'fjdy a; 20

Where, the ¢j’s (Lagrangian multipliers) are obtained by solving a dual optimization

problem. Those Czj such that ¢; is greater than zero are called support vectors, since they

are the only document vectors contributing to w .Classification of test instances

consists simply of determining which side of w’s hyperplane they fall on.

SVM does the classification tasks by building hyperplanes in a multidimensional space
that separates cases of different class labels. Hyperplanes are used as decision
boundaries that help classify the data points(Singh & Shahid Husain, 2014).1t is a
technique for the classification of both liner and non- liner data. Additionally, it is also
an algorithm that uses a nonlinear mapping to transform the original training data into
a higher dimension. The working principles of SVM are based on the concept of
decision planes that defines the decision boundaries. A decision plane is one that
separates between a set of objects having different class memberships. An appropriate
nonlinear mapping to a sufficiently high dimension, data from two classes can always

be separated by a hyper plane. Support vector machine have various characteristics such
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as ability to handle large feature space, ability to prevent of over fitting and information
dense in a given data set. Clearly, we can see that there exist multiple lines that offer a
solution to the classification problem. But the problem here is that which of lines are
better than the others. A line is not good classifier if it passes too close to either of the
points because it will be noise sensitive and not accurately classify all set of points.
Therefore, our goal should be to finding optimal hyper plane which classify all set of
points at optimal margins between. Therefore, the optimal separating hyper plane
maximizes the margin (distance from the hyper plane to set points) of the training data

as shown in Figure 2-2.

Figure 2-2 SVM algorithm working

(Pang et al., 2002) shows that using unigrams (a bag of individual words) as features in
classification performed well with either NB or SVM. The studies also show that SVM

is effective, accurate, and can work well with small amount of training data.
2.7.1.2 Unsupervised Learning

Unsupervised learning is a learning method in which a model is not trained with
supervised data. The training is provided to the machine with the set of data without
labelling, classifying or categorizing and the unsupervised algorithm act on the given
data without any supervision. It does not consist of a category and they do not provide
with the correct targets at all and therefore rely on clustering. When an annotated
training data is difficult to find or not available at all, unsupervised machine learning
methods can be an attractive alternative. It takes a text as an input and produces
classification output without the need of annotated training data (Rothfels & Tibshirani,
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2010). The goal of unsupervised learning is to restructure the input data into new
features or a group of objects with similar patterns. In unsupervised learning, we do not
have predetermined result. The machine tries to find useful insights from the huge

amount of data.
2.7.1.3 Semi supervised Learning

Semi supervised method can be used when only a small amount of labeled data is
available. It generates an appropriate function or classifier in which both labeled and
unlabeled examples are combined(Buche, 2013).

2.7.2 Lexicon Approach

Lexicon based approach uses dictionaries of words footnoted with their semantic
orientations and classification is done by matching the features of a given text along
sentiment lexicons whose sentiment values are determined prior to their use. It has three
techniques manual approach, dictionary-based approach, and corpus-based approach
(Taboada et al., 2011). The manual approach opinions are classified depending on the
linguistic knowledge and the sentiment summary is calculated manually. In dictionary-
based approach, the dictionary of different sentiment words and phrases with their
associated orientations, intensification and strength are stored and sentiment score for
each word and phrases is computed depending on sentiment word dictionary. On the
other hand, corpus based approaches find co-occurrence patterns of words to determine
the sentiments of words or phrases in a large corpus (Liu, 2010).

2.7.3 Hybrid Approach

In hybrid approach, lexicon based and machine learning based approaches are
combined to benefit from their synergy effect that rises to hybrid approach. Researchers
have proved that this combination gives improved performance in sentiment
classification (Vaitheeswaran & Dr. L., 2016). In hybrid approach, sentiment lexicons
are used as seed resources and to detect sentiment polarities and the results from the
lexicon-based method are used to train machine learning algorithms. Then, sentiment
sentences are analyzed using machine learning classifiers based on the knowledge

acquired from the training and the lexicon resources.

2.8 Tigrigna Language
Tigrinya (+c%, also spelled as Tigrinya) is a Semitic language, which belongs to Afro-
Asiatic super family, spoken in the Tigrai national regional state of Ethiopia and Eritrea.

It is also spoken by a large immigrant community in different countries around the



21

world such as Sudan, Saudi Arabia, Italy, Sweden, Norway, Germany, the United
Kingdom, Canada and the United States. There are around 7 million Tigrigna speakers
worldwide. It is an official language and medium of instruction in Tigrai and one of the
official languages in Eritrea. According to the 2007 population and housing census of
Ethiopia, there are over 4.3 million Tigrigna speakers in Tigray (CSA Ethiopia,
2007)and according to (Ominglot, 2021) there are 3.1 million Tigrigna speakers in
Eritrea in 2016. Tigrigna is classified under the Ethio-Semitic sub-phylum and is
grouped with Ge‘ez, Tigre, Amharic, Silte, Harari etc. where it shows the characteristic
features of a Semitic language(John, 1996).The writing system,morphology,word
classes, numbers and punctuation marks of the Tigrigna language are discussed in detail

in the following subsections.

2.8.1 Tigrigna Writing System

Tigrigna is written with its own version of the Ge'ez script(also known as
“Fidel|4.£4”) and first appeared in writing during the 13th century in a text on the local
laws for the district of Logosarda in southern Eritrea(Ominglot, 2021). The writing
system is syllabary; every symbol represents a combination of consonant and vowel. It
has 34 base symbols, 6 labialized velars and 7 vowels, which change the basic phoneme
of base consonant into seven orders and labialized velars into five orders. Unlike Arabic
and Hebrew, Ge'ez script are conveniently written in tabular format of columns from
left to right side where the first column represents the base character and the others
represent the derived characters that are derived from their vocal sounds(Mebrahtu
Tadesse, 2018).The Ethiopic Script includes different letters which have the same
sound in a language. The letters 'v' (He) and ‘4’ (He), letters 'a’ (se) and 'v' (se), letters
‘&' (Tse) and ‘0’ (Tse) are some examples. In Eritrea, the 'a" series is used commonly
while in Tigrai the ‘@’ series is used(Osman & Mikami Yoshiki, 2012). Although the
alphabets ‘1’ and '»»' are not common on formal and most Tigrigna writings, people use
them interchangeably in the informal social media Tigrigna posts. Thus, a single
Tigrinya word may exist in two different variations on many texts. For example,

avza/mereSa and ovZ9/mere'Sa are two variants of the same for the “election” word.

2.8.2 Tigrigna Word Classes
Word class also known as Parts of Speech (POS) is an appropriate class of word, where
each given word of a written text has a unique class.(Daniel Teklu, 2008) classified

Tigrigna words into two broad categories: open and closed in general and into five



22

classes in particular. In open classes new members are always added and are unlimited
in number; whereas, members of the closed classes are relatively fixed and few in
number. Nouns, Verbs and Adjectives are grouped in the open class category while

adverbs and prepositions are grouped in the closed class category.

In Tigrigna, sentiments are expressed mainly using adjectives, nouns, verbs and
sometimes although very rare, they are expressed using adverbs. Adverbs however have
another important role, intensifying and diminishing a scale of a given sentiment, in
expressing sentiments because they have a capability of modifying adjectives, verbs or
another adverb. As a result, special attention is given to adjectives, adverbs, nouns and
verbs because these word classes play significant roles in affecting the classification
process of in Tigrigna sentiment analysis. Since most of the lexical category, words of

Tigrigna are important for our work, and then we have described them in detail below.

Noun
Tigrigna noun is a word class used for labeling or referring a real and imaginary thing,

such as persons for example, Aea9°/Hayelom, places @gst/Wejerat, an idea for
example, love), an entity for example, Lawyer, an object for example, Book, a situation
for example, HshA/zaHIi (Cold), etc. Tigrigna nouns, like English nouns, are words used

to name or identify a class of things, people, places, ideas, actions and phenomena.

Verb
Verb is a word that tells us the state of doing or being. Tigrigna verbs carry inflections

of aspect and mood and hence are morphologically the most complex word class. Many
words with other class words are derived primarily from verbs. There are two major
approaches to identify verbs from other word categories: syntactical and morphological
approach(Teklay Gebregabiher, 2010).

In the former case, verbs function as predicates in a simple sentence and they are found
at the end of a sentence because Tigrigna has generally a subject, object, verb (SOV)
word order. In the latter case, they reflect grammatical categories such as aspect, mood
and agreement. For example, +014-& A7€¢- NA.0-/tesfay injera beli’U (Tesfay ate Enjera).
In this sentence 0A.0- (he ate) is the verb, Tesfay, Enjera are subject and object of the
given sentence respectively.

Adjective

Adjectives are words that modifies a noun and pronoun by providing descriptive or
specific detail. Unlike adverbs, adjectives do not modify verbs, other adjectives, or

adverbs. The numbers of Tigrigna Adjectives are too many and their numbers increase
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from time to time. Some words categorized in Adjective are -9c (short feminine), -9.c
(Short masculine), iPn/newaH (Tall), ea.9°/’Selim (Black), +fnh/gqeyaH (Red),
a-h0e/seHabay (Interesting), b/>SbuQ(Good), #477¢/qedamay (First), &Trg°/dKum
(Poor), etc. Adjectives are words that describe or add extra information to a noun.
Adjectives in Tigrigna usually precede the nouns that they modify or describe. For
example, +9c ad/Ha’Sar gWal (short girl), here the word 9¢/Ha’Sar(short) describes
the noun 24/ gWal(girl). However, this does not mean that a word is an adjective just
because it precedes a noun. For instance, in the sentence” AJ" 20 #7% A¢”/ita gWal
gonjo eya (The girl is beautiful.), the word x3+/ita(the) precedes the noun 2a/gWal(girl).

Nevertheless, the word a2+/ita (the) is a demonstrative pronoun.

Adverb
An adverb is a word that modifies a verb, adjective, sentence or clauses and other

adverbs. Modifiers of verbs or verb phrases usually express time, place, manner etc.
Modifiers of adjectives and adverbs commonly express degree while adverbs
functioning as sentence modifiers usually express the speakers™ attitude regarding the
event spoken(Teklay Gebregabiher, 2010).for example,tT@AL 99, G0 Ah@I® hes:
/tewelde tmali nab aksum keydu(Tewelde went to Aksum Yesterday),here +e1A./tmali
(yesterday) is adverb of time.

Preposition

Prepositions are small set of words, which have meanings only when they are attached
with other words such as nouns, verbs, pronouns and adjectives. They can express
relationship between person, thing, or event etc. and another. For example, A0 @am.
7 /ab wxTi geza (inside the house) and A5¢ 9°0 AdCTHk/senay ms a’rKtu (Senay with
his friends), a-i/ab(inside) and 9°a/ms (with) are the prepositions.

2.8.3 Tigrigna Morphology

Morphology is the branch of linguistics that deals with the internal structure of words
and word formation, including affixation behavior, roots, and pattern properties(Daniel
Teklu, 2008).Morpheme is the smallest unit of morphology that cannot be broken down
further into meaningful parts. Morphemes in Tigrigna can be categorized as free and
bound morphemes. Free morphemes are morphemes that can stand on their own to give
meaning; whereas, bound morphemes are morphemes that cannot stand on their own to
give as a word. For example, the Tigrigna word h-t+a13~t/ketematat (Cities) contains
two morphemes i.e., bt9i/ketema and Jt/tat. From this, the first word

ntoi/ketema(city) is free morpheme and the second word J-t/tat is bound morpheme
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(Girma Berhe, 2006). A basic computational task of morphological language analysis
IS to use the process of derivation and inflection to deduce the root and grammatical
attributes of the word according to the internal structure of the word (Yonas Fisseha,
2011).

Derivation deals with adding of morphemes in the stem word to generate new words,

which changes the meaning, word class and lexical function of the given stem words.

Inflection is a morphological variation that never changes word class or the meaning
of the stem word upon which the morphemes are attached but mark distinctions of case,

gender, number, tense, person, mood, voice and comparison.

Tigrigna affix is a morpheme that is attached at the end, beginning or middle (inside)
of the root to create the inflectional or derivational morphology of Tigrigna words.
These words may be new in meaning and structure from their respective roots (Hailay
Beyene, 2013).Tigrigna affixes can be classified in to four categories as prefixes that
come at the beginning of the root, such as %/n,1/z,xrt/inte,7°/m,-ng°/bm... suffixes that
come at the end of the root, such as 4/na,~t/tat, +/t,rr/net,?/n...infixes that come inside
the root, such as a in aand/sebabere,a in Nado/belal’ A7~ in AJ~1¢/setateye ... and
circumfixes such as 4£....7 in Ag+t+A7/ayketelen that are attached before and after the

base form at the same time.

Morphological analysis of a language plays vital role in several natural language
applications such as sentiment analysis, text generation, machine translation, document
retrieval, etc. Due to the reason that prepositions are morphologically unproductive and
adverbs are few in number and less productive, the derivational and inflectional
morphology of the language concentrates on the rest three-word classes (nouns, verbs
and adjectives). For the purpose of investigating the derivation and inflection of
Tigrigna language nouns ,verbs and adjectives, we have used Tigrigna grammar books
by (Daniel Teklu, 2008) and (Amanuel Sahle, 1998).

2.8.3.1 Derivational Morphology

Noun Derivation

Tigrigna nouns are derived from other word classes by adding affixes and using
compound words. In the case of compound words, the new noun is constructed from
two separate words with and without a morpheme to bind. Example (-t/bEt and
ochd. T/’ SHfet gives (bt é/hd H/bEt ‘SHfet(office), which means office, (Lt + A + av ¥t

gives 0+ av0rk/bEtemengsti(palace) which means palace. Nouns can be constructed
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from other nouns by adding affixes like -1t/net and -5/Na. Example, °ahc+r gives
eahcrt/mskrnet(testimony), %40+% generates %ZN%/’arebNa (Arabic). In addition,
nouns can be derived from adjectives, roots, stems and verbs. For example,
(-Na®/sebawi (adjective) + #t gives A-Na®Rrt/sebawinet a noun, which means humanity.
Adjective Derivation

Tigrigna adjectives can also be primary or derived, even though the number of primary
adjectives is very small. Adjectives are derived from nouns, verbs and adjectives itself.
Adding morphemes like -a®/awi, -®/wi -ag°/am, -ag/ay, -Fg/tay, -A5/ANato nouns
such as etd/ftHi(justice), asén/afrika (Africa), a7h/ senki (Cause), “ixid/maiKel
(Center), a7/ neQsege (name of a place), -+7ha/ tenkol(trickery) that generates the
following new adjectives &th®/ftHawi(just), A&sh®/afrikawi (African), a7hg®/senkam,
annag/maiKelay(central), 1pa1-e/neQsegetay (person (Masculine) from neQsege)
and +7ha%/ tenkoleNa(crafty) respectively. Similarly, it can be constructed from the
root verbs. For instance, the root verb 76&/n’Sl(single) by infixing the vowel -a/a-, it
generates the adjective 794/n’Sal(singled). Adjectives can also be constructed by
compounding words such as a94/igri (noun) +A.ae/lilo (noun) gives 494 A.oe(adjective)
which means fast and cré/rgu’S(adjective) + h-i4/kebdi(noun) generates C1é
nh4/rgu’S kebdi(adjective) which means liar.

Verb Derivation

Unlike nouns and adjectives, Tigrigna verbs can be derived only from verbal roots and
stems. Example, 1-2-4, 1a&4a& which provides n24/bedel(offence) and it can also be
constructed from verbal stems by adding affixes like -+ and & to the stem verb. Almost
all Tigrigna verbs are derived from root consonants. Traditionally a distinction is made
between simple and derived verbs. Simple verbs are those verbs derived from roots by
intercalating vowel patterns whereas derived verbs are considered as derivatives of
simple verbs. The derivation process can be internal or external, and this is found in the
form of agentive, causative, passive, repetitive and reciprocal verbs.

Causative verbs are derived by adding the derivational morpheme A- to the verb stem
as in the examples 0éc/be’SHe(arrive)-aldh/ab’SHe (cause to arrive),
+t+algetele(kill)-adt+a/agtele (cause to kill) and @Ag/wesede(take)-a@-(L/awsede
(cause to take). In most cases the “4- morpheme is used to form causative of intransitive
verbs, transitive ones and verbs of state. Some exceptions are the verbs that begin with

‘&’ always take the morpheme ‘4’ but add the morpheme” 4” after the morpheme ‘4’ to
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form causative e.g., Aad/asere (arrest), Aaad/aisere (cause to arrest) and
w18/agede(prohibit), aa12/aAgede (cause to prohibit).

Passive verbs are derived using the derivational morpheme -+. This derivational
morpheme is realized as -+ before consonants and as -+ before vowels. Moreover, in the
imperfect, jussive and in derived nominal like verbal noun, the derivational morpheme
‘+-is used. In this case, it assimilates to the first consonant of the verb stem, and as a
result, the first radical of the verb geminates. Some exceptions are intransitive verbs
such as d.A.h/feliHu (it boiled) that form their passive forms using the prefix --as in
+é.A.h/tefeliHu (it was boiled). Such kind of verbs can derive their passive from their
causative form a&A.h/afliHu (he boiled).

Repetitive verbs indicate an action that is performed repeatedly. For tri-radical verbs,
such verbs are formed by duplicating the second consonant of the root and using the &-
after the duplicated consonant as in #4£2£/gedadede (he tears repeatedly), derived from

the root #£:£. All verb types have the same reduplicative/ repetitive forms.

Reciprocal verbs are derived by prefixing the derivational morpheme -+ either to the
derived form (that use the vowel a after the first radical) or to the reduplicative stem.
For example, reciprocal forms of -+t /teqatelu (killed each other) and +¢d~ta
[tegetatelu (killed one another) are derived from the derived stem -%+& and
reduplicative stem -7~ respectively.

2.8.3.2 Inflectional Morphology

Inflection is a morphological variation that does not change the word class category and
general meaning, but the grammatical function. Since Tigrigna, language is a highly
inflectional language, given root of a Tigrigna word; it can be found in different forms.
Noun Inflection

Tigrigna nouns inflects for gender, person and number by adding affixes to the noun
stem. Tigrigna nouns are either male or female by nature. Therefore, in order nouns to
express possession, pluralism, nationality and gender, affixes such as -a/a, -2~t/tat, -
Atlat, -h7/an, - &t/Ot, -o-kiwti, -t/ti, -®/wi, -9/na, etc. are used. Here are some

examples to show the inflection of nouns.
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Noun stem Affix Noun after affixation
Ache1./laHmi(cow) hla hAAchg°/alaHm(cows)
agea/imba(mountain) | Ai/tat Ag°0 -+ imbatat(mountains)
71¢/hager(country) At/at 71¢-t+/hagerat(countries)
aogeyc/memhr(teacher) | A%/an aogey7/memhran(teachers)
m/geza(house) o-E/wti Ma-t/gezawti(houses)
han/kelbi(dog) ¢/na ha-n4/kelbna(dogs)

Table 2-1 Noun Inflection
Tigrigna has two grammatical genders: masculine and feminine, and all nouns belong

to either one or the other and inanimate objects does not have fixed gender.
Verb Inflection

Tigrigna verbs also found in different forms, such as perfective, imperfective,
gerundive, jussive and imperative by employing affixes. Tigrigna verbs inflect for
number, gender, person, tense, mood and aspects, and the result is an inflected word
with affixes to the verb stem. Tigrigna verbs express two tenses, namely, perfect and
imperfect. Perfect tense indicates completed actions whereas imperfect tense expresses
uncompleted actions.

The morphological variation of the perfective verbs is generated by adding suffixes like
AlA, G/na, &/U, h9°/0Om, a7/ An, tv9°/kum, At/At, t/ki, and 't that indicates inflection
for person, gender and numbers to the perfect verb stem. The following table illustrates
inflection of perfective verbs.

Verb variation Person Number Gender

(71.0/semi’ A First Singular masculine or feminine
(91.0G/semi’na First Plural masculine or feminine
(99.0+/semi’U Third Singular Masculine
(71.29°/[semi’Om Third Plural Masculine
(97.07%/semi’ An Third Plural Feminine
(°%.oh9°/semi’kum Second Plural Masculine
(1.0n/semi’ki Second Singular Feminine
(°.o/semi’ka Second Singular Masculine

Table 2-2 Inflection of perfective verbs



28

Imperfective verbs also formed by adding affixes on the verb stem and markers for
gender, person and number. In imperative tense prefixes a/i, ‘+/t, ely, 7/n and the
suffixes attached are /U, &J/l, and 4/a. To indicate negative verbs the morphemes
aglay, hetlayt, ~g7/ayn are added as prefixes and 7/n, A%/an, &7%/Un are added as

suffixes.
Person Singular Plural Gender
First AngPo/isem’ 709°0/nsem’ masculine or feminine
Second +aged/tsem’ +ageo-/tsem’U Masculine
Second tagP%/tsem’] +agra/tsem’a Feminine
Third £09°0/ysem’ £09°0-/ysem’U Masculine
Third Tageo/tsem’ £09°%/ysem’a Feminine

Table 2-3 Inflection of imperfective verb
The gerundive form is inflected by adding suffixes at the end of the gerundive verb to

indicate person, gender and number. For example, éh.é./’Shife(I wrote), 6che1/’SHfka
(you wrote), om& 0/ SHiki(you wrote),6¢h¢/’SHfu(he wrote),ach.4-/’SHifa(she
wrote),6ch&5/’SHfna(we wrote),ach& 7%/’ SHfKum(you wrote),och& 02/’ SHfKn(you
wrote),och629°/’SHfom(they wrote),o/hé.?/’SHfen(they wrote) can show how the
gerundive verb é&/’SHf morphologically varies. The suffixes &/A, /Ka, T/Ki,A/U,
¢/na, t-9°/Kum, 07/Kn, 9°/m and 7/n attached with the inflected stem verb.

Jussive and imperative verbs are sometimes called mood and jussive verbs are used to
express a command for first and third persons whereas imperative verb is used to
express second person in the singular and plural form. Jussive verbs sometimes called
mood verbs are used to express a command for first and third persons, whereas
imperative verbs used to express second person in singular and plural forms(Yonas
Fisseha, 2011).

Adjective Inflection

Tigrigna adjectives are marked for number, gender, and degree and the result is the
inflected word with affixes to the given adjective. Tigrigna adjectives can have singular
masculine, singular feminine and the same adjective to express both masculine and
feminine genders in the plural form. Adjectives can be inflected by adding affixes like
-u/0, -tit, -titi, -kt/at, H/z-, etc. The following table shows the inflected Tigrigna

adjective words for number and gender.



Adjective stem Affix Adjective after affixation
fa/xeqali A/0O n2ae/xeqalo
avy/ii/mehazi /i avy/H-t/mehazti
Qvé/blu’S A/at A9t/blu’Sat
fcrelxretay &0t actt/xretot

Table 2-4 Adjective inflection

Adjectives are also inflected for degree.
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According to (Daniel Teklu, 2008) ,Tigrigna

adjectives shows three degrees; positive degree, comparative degree and superlative

degree. The following table shows example of adjective inflection for gender, number

and degree.
No | Masculine Feminine Plural Degree
Comparative Superlative
A%.C/Ha’Sir 9C/Ha’Sar A0Ct/Ha’Serti £hoClyHa’Sar ‘HhO4/zHa’Sere
£rg9°/dKum Lroot/dKumti | & Trer/dKumat eehgelydekm HEeTav/zdeKeme
P2.h/geyiH +ech/geyaH Pevt/geyaHti £PLch(ykeyH HPL.hizgeyehe

Table 2-5 Adjective inflection for degree

2.8.4 Tigrigna Punctuation Marks and Numbers

Punctuation marks are symbols useful to know word demarcation and to organize and

clarify the meaning of writing in natural language processing. Tigrigna has a set of

punctuation symbols, some of them are listed in the following table with their names

and purposes.

Symbol | Name Symbol and Name
hat 1. Space Word separator (not in a modern use)
LN AL X Semi colon Sentence connector
104 O\ , Comma List separator
ACOot 1L Full stop End of sentence
ThPCH AThE | ] Exclamation Mark | End of an emphatic declaration
vt ot ? Question mark Question mark (not in a modern use)
Paragraph separator(not in a modern use)

Table 2-6 Tigrigna Punctuation
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Tigrigna uses the traditional set of numerals used in Ge’ez texts as shown in the
following table. These numerals have been replaced by the Arabic numerals, that are,
the same ones used in English because they are not suitable for arithmetic computation
as they lack representation for zero and decimal points. Nevertheless, we may get them

in different writings of Tigrigna such as calendar purposes.

[4

109
100]
blar)
19
1
103
1
b
pIS

1

»Y
1S
1%
S
=
e
=
13
pla'3)|

112|3|/4/5(67|[8]|9(10|20|30 40|50 |60|70|80/|90 100 | 10,000

Table 2-7 Ge’ez Numbers
The numerals can be classified as ordinal numbers and cardinal numbers (John, 1996).

The cardinal numbers are numbers like 12 /Hade(one), ha-t/klte (two), aad-t+/seleste
(three), anc-t/’aserte (ten), etc. and the corresponding ordinal numbers are
+4972/qedamay(first), haxne/kalay (second), ahag/salsay(third), ane-2/’asray(tenth),
etc. There are also special numerals in Tigrigna that correspond to the English like
ce/frgi(half), cna/rb’I(quarter), (L/siso (one third) etc. The removal of punctuation
marks increases the effectiveness and efficiency of natural language processing systems
as morphological analyzer and stop word removal does (Mulubrhan Hailegebreal,
2017). They also employ the same punctuation markers with slight differences in the

usage of some of the markers.

2.9 Challenges of Tigrigna sentiment analysis

(Assefa Gebrehiwot, 2011; Atalay Leul, 2014) notes that there are a number of
challenges in Tigrigna language for text processing and classification tasks. The
computational task of automatically performing the sentiment analysis task is thus
faced with many challenges such as grammatical nuances, morphological complexity,
implied meaning from facial expressions and body language, misspellings, ambiguity,
and regional or cultural variations in the language. Generally, the challenges of the

Tigrigna in sentiment analysis are discussed in the following subsections.

2.9.1 Redundancy of characters

In Tigrigna language, text could be written in a different way to represent the same
sound. For instance, letters “U” and ““7”’; “&” and “0”; “@” and “w” have similar sounds.
The use of various forms of characters for the same sound has a problem in the process
of feature preparation for the classifier learning. As a result, the characters “-4”, “&” and
“w” are replaced by “v”, “8” and “4” characters respectively in the normalization phase

of the preprocessing task. For example, the word peace can be written in both
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aage/selam and wage/selam, however they represent the given word similarly. There is

no clear guideline that tells where to use each character.

2.9.2 Spelling variation of the same word

Spelling variations of a word would unnecessarily increase the number of words
representing a sentence(s) which could reduce the efficiency and accuracy of the
classifiers. A word in Tigrigna could be translated by different persons using different
spelling variation due to regional and dialectical variations. For instance, when “radio”
word is translated into Tigrigna, it may be written as <Z&¢/redyo, &&¢/radyo or
&L2/riedyo. All these words are used to mean the word “radio” in Tigrigna. The
translation of English and other language borrowed words into Tigrigna words
increases ambiguity and inconsistency in the classification of Tigrigna texts. During the
pre-processing stage of this work, the different forms of a character that have the same
sound are changed to one common form in order to normalize word variants caused by

inconsistent usage of borrowed words or dialectical differences.

2.9.3 Abbreviation

The abbreviations of Tigrigna words follow different formats because, there is no clear
rule in abbreviating the given words. Sometime full stop ‘.’ is used to abbreviate, while
other time ‘/> symbol is used to abbreviate. The abbreviated words can be written
without separators. For example, &h+c/Doctor can be written as &.c and &/c. The
inconsistency in the abbreviation creates inconsistency in text classification in general

and sentiment analysis in particular.

2.9.4 Under-Resourced language

Tigrigna is one of the least researched and under resourced language in terms of text
processing tools and electronic resources. The unavailability of labeled language
resources such as annotated corpora, stop word list, lexicon terms and other domain
dependent labeled language resources for Tigrigna sentiment analysis and other NLP
researches makes it difficult and challenging for the Tigrigna sentiment analysis

researches.

2.9.5 Morphological Complexity

Languages that are under Semitic family are rich in morphology. As Tigrigna is one of
the Semitic family, a single word has many variant forms. Tigrigna is a highly inflected
language and has a complex morphology. It exhibits the root and pattern morphological

system. For instance, the word ag°0 can be inflected to Aaged/isem’, FAgPd/tsem’,
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tagea/tsem’l,209P0/ysem’, 109°0/nsem’ F0FP0-tsem’U, F(9°%/tsem’a,&09°0~ysem’ U,
eage%/ysem’a and other forms. Morphological analysis is an important phase in
sentiment analysis. Its main purpose is to decompose words into morphemes and to
associate each morpheme with a morphological information such as stem, root, part of
speech, and affix. Tigrigna is a morphologically complex language and this complexity
requires the development of appropriate systems that are able to deal with tokenization,
spell checking, stemming, lemmatization, pattern matching, and part-of-speech tagging.
There is only one freely available morphological analysis tool, HornMorpho by (Gasser,
2011) for Tigrigna as far as our knowledge is concerned. The performance of sentiment
analysis systems is highly influenced by this phenomenon. However, the system suffers
from significant limitations for example it only considers noun and verb in POS tagging.
Applications like information retrieval, text classifications, sentiment analysis could
benefit more by the existence and availability of basic and effective tools like stemmer,
lemmatizer, and POS taggers(Shoukry & Rafea, 2012; Zitouni, 2014).

2.10 Related Works

In this section, related sentiment analysis researches conducted for Tigrigna, Amharic,
Arabic and English languages using different approaches are discussed. In addition to
the approaches, the language used, source of the data, procedures, experimental results,

performance, and challenges of different sentiment analysis researches are considered.

2.10.1 Sentiment Analysis for Amharic

Selama Gebremeskel (2010) followed a term counting approach to the analysis of
sentiments of opined Amharic texts. The researcher has established a model that counts
the number of words of sentiment in the sentence and assigns polarity weight if the term
is included in the lexicon of sentiment. The sentiment lexicon that includes sentiment
terms and contextual valence shifter terms is prepared for checking whether a given
word appears in the prepared lexicon as a result of which either sentiment word with
assigned polarity will be considered taking into account the effect of context valance
shifters such as denial terms value or non-sentiment word. Although the terms of
sentiment prepared are not adequate, the results obtained using film and newspaper
reviews are encouraging along with the test data.

Tulu Tilahun (2013) deals with Amharic blog's opinion mining model for Amharic texts
using a feature-level handmade rules and lexicons. The proposed model consists of five

main components: Text Operator, Morphological Analyzer, Feature Extractor, Opinion
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Extractor and Summarization of Feature Opinion. The author conducted two
experiments to evaluate the determination of features for extraction and opinion words
using 484 manually collected reviews for experimental activities from Hotel,
University and Hospital. As a result, the first experiment shows an average precision of
95.2% and recall of 26.1% were achieved in the features extraction and an average
precision of 78.1% and recall of 66.8% were achieved in the determination of opinion
words. The second experiment in features extraction’s precision gets lower by 15.4%
whereas the precision of opinion words determination gets higher by 1.9% and the
recall of both features extraction and opinion words determination gets higher by 7.8%
and 25.9% respectively when compared to the first experiment. The research is done
on feature level to determine a sentiment of the review sentences; however, it only

assumes adjectives.

The research conducted by Wondwossen Philemon & Wondwossen Mulugeta (2014)
explored a machine learning approach for multi-scale sentiment analysis of Amharic
texts. The research objective was to determine sentiment sentence based on the polarity
weight value of the sentiment words. To achieve this, the authors proposed a model that
includes components for pre-processing, training a classifier, and classifying a given
input post taking into account the language's morphological complexity. The authors
also developed their own corpus by collecting around 600 posts from online sources,
which were then pre-processed to clean up the data, converting the transliteration into
the native Ethiopian script, and changing words into their basic form. The corpus was
manually annotated by providing scale values of polarity and frequency of sentiment
and using Naive Bayes machine learning algorithm and using variants of unigram,
bigram and hybrid as features. The experiment showed that for the intensified positive
and negative polarity classes the bigram's accuracy is better performed. The authors,
however, used a small size corpus in a low-resourced language.

Abreham Getachew (2014) examined opinion mining as a task of text classification,
using two basic feature sets (all unigrams and the review's most informative bag of
words).Information Gain feature selection method used to calculate most of the
document's informative words and three supervised classifiers from the Natural
Language Toolkit (Naive Bayes, Decision Tree and Maximum Entropy
classifiers).Opinion Mining process involves categorizing into predefined categories
such as positive and negative or binary classification on opinionated text document. An

Opinion Mining model is built in this research work to classify Amharic opinionated
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text into positive and negative. The experiments are carried out using 616 Ambharic-
opinioned texts collected from the sites of Ethiopia Broadcasting Corporation,
diretube.com and habesha.com. The experiment shows that all algorithms (Naive Bayes,
Decision Tree, and Maximum Entropy) perform the best selection methods for
knowledge gain. NB with 90.9 % accuracy outperforms Decision Tree with 83.1 % and
Maximum Entropy with 89.6 %, based on their relative classification performance Even
though corpus size is small; the outcome that has been reached is inspiring.

2.10.2 Sentiment Analysis for Arabic

Abdul-mageed et al. (2013) proposed an approach to machine learning to conduct a
classification of subjectivity and sentiment at the sentence level. The first work dealt
with a dataset of extracted and manually annotated newswire documents from PATB
(Arabic Tree Bank) (1281 objective and 1574 subjective). The authors collected and
annotated 11,918 sentences from different types of social media services classification
is conducted in two stages. In the first stage, a distinction is made between a subjective
and an objective text. (i.e., Subjectivity Classification). In the second stage, a distinction
is made between a positive and negative sentiment (i.e., Sentiment Classification).
Abdul-Mageed et al. used SVM in this work as a learning algorithm along with
language-specific and general features. N-grams, domain, unique and polarity lexicon
features are linguistic-independent features. To investigate the effect of morphological
data on results, Arabic specific features have been added. The findings indicated that
using POS tagging and lemmas or lexemes to extract the base forms of words has a

positive impact on subjectivity and sentiment classification.

Mountassir et al. (2012) uses three classifiers for binary sentiment classification: NB,
SVM and KNN. The first one was developed by these researchers and consists of two
domain-specific data sets (movies and sports). The second is OCA, a corpus of other
researcher's film reviews. The authors performed a pre-processing task prior to the
classification phase by removing stop words, separating words from their base form,
eliminating terms used in the dataset only once or twice, and replacing words with their
stems. The authors found that pre-processing, combination of n-grams and weighting
based on presence improve the performance of classification.

Shoukry & Rafea (2012) examined sentence level Arabic sentiment analysis. The
researchers conducted sentiment analysis from various domains on 4000 tweets. They
found that 1000 of these tweets were relevant and held opinion without sarcasm. They

used two human annotators and found that there were 500 positive reviews and 500
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negative reviews. They preprocessed the text by removing user-names, pictures,
hashtags, URLs, and non-Arabic words. The authors used unigrams and bigrams as
features. Pertaining to the machine learning method, SVM and NB were chosen. They
conducted two experiments: one with stop words and another with no stop words. The
authors found that eliminating the stop words resulted in very little performance
improvement, which means that removing stop words adds little value to the sentiment
on the text. SVM performed better than NB by around 4-6% accuracy, with a rate of
72% for unigrams. As for the features, using bigrams did not enhance the results of the

unigram model.

2.10.3 Sentiment Analysis for English

Espinosa et al. (2013) conducted the research with the aim of developing a system that
can classify an opinion using the classification of sentence level, whether it includes
positive, negative or neutral opinions. The study used the Naive Bayes classification
algorithm to classify Facebook posts’ status updates into positive and negative. Next,
as learning data sets, positive status updates and negative status updates were collected.
Then Facebook status updates are classified as positive or negative by using the Naive
Bayes classifier. The drawback this study is that the data collected is a random sample
of Facebook status streaming and was not collected using direct queries. On top of that,

the data were marked to test the classifier’s output variance.

(Lalji & Deshmukh, 2016) carried out with an intention of discovering lexicon-based
approach with machine learning to perform sentiment analysis on data collected from
Twitter. The research includes data acquisition phase, preprocessing phase, feature
extraction, polarity detection, and sentiment classification phase. Data was collected by
searching for that match keywords of the word ’car’ and collected 28000 tweets as per
the request from the researchers using the Twitter API. Preprocessing was done to
enhance the quality of the data by removing the noise such as duplicate tweets, retweets,
punctuations, numbers, HTML links etc. from the collected data. Tweets that on only
contain adjectives were extracted with the help of Tree Tagger part of speech tagging
in the feature extraction phase and these tweets were classified as subjective and
objective tweets. From the total collected dataset 25000 tweets were classified as
subjective tweets and used as an input in the polarity detection phase.in the polarity
detection phase, the tweets are classified in to positive, negative and neutral based on
the occurrence of words of the tweets in the lexicon dictionary and these classified

tweets were considered as a training data in the sentiment classification phase in order
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to train the classifier. Support vector machine is used as for the training with unigram,
bigram, and trigram features and achieved accuracy of 63.23%,62.23% and 59.98%

respectively.

(Pang & Lee, 2002) used machine learning approach for classifying movie reviews data
into positive or negative sentiment. The author’s approach includes text preparation,
text preprocessing, feature selection and sentiment classification steps with the help of
three machine learning techniques: NB, SVM and MaxEnt. For experimental purpose
1301 positive-sentiment and 752 negative-sentiment total of 2053 documents corpus
were used and then divided this data into three equal-sized folds, maintaining balanced
class distribution in each fold. Features such as N-grams (unigrams and bigrams), POS,
feature frequency vs. presence, subjectivity (adjectives) and position of word are used
to extract the important pattern for classifying data into their sentiment. The
experimental result of this research indicates that accuracy of the sentiment
classification using the SVM algorithm with unigram feature achieved 82.9% accuracy,

although the accuracy differences between those three algorithms are not very large.

2.10.4 Sentiment Analysis for Tigrigna

Mebrahtu Tadesse (2018) developed three-language, Amharic, English and Tigrigna
trilingual sentiment analysis on social media using a lexicon approach to classify the
given text into seven categories namely, strong positive, strong negative, weak positive,
weak negative, positive, negative and neutral. The trilingual sentiment analysis consists
of seven main components: preprocessor, language identifier, morphological analyzer,
sentence builder using root words, sentiment word detector, polarity weight determiner
and sentiment classifier. To evaluate and test functionality of the developed prototype,
564 sentiment sentences collected from Facebook and YouTube, resulting in an average
accuracy of 87.49 %, 84.78 % recall and 85.99 % F-measure. Although the result
achieved is inspiring, the research takes on small amounts of data and uses a lexicon

approach that is not easy to scale up.

Nabyom Shishay (2018) proposed the design of sentiment analysis system for
opinionated Tigrigna texts with the use of manually built rules, subjectivity lexicon,
and the selection of opinionated language texts. The design proposed contains six main
components. These are pre-processing texts, word detection of sentiment, propagation
of polarity and weight assignment, total and average weight calculation, strength of
classification texts and the developed Tigrigna language subjectivity lexicon. The
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developed model detects a review's subjectivity words from the established lexicon and
assigns an initial polarity weight to determine the polarity category of the opinionated
Tigrigna texts for each detected sentiment terms. To evaluate the proposed model, the
author used three domains for the prototype and seven classification classes (Strong
positive, positive, weak positive, neutral, weak negative, negative and strong negative).
The author achieved 0.816, 0.779 and 0.795 for football domain, 0.869, 0.829 and 0.845
for road-map education police domain and finally 0.762, 0.813 and 0.776 for the Idol
show domain on the three respective data sets in terms of precision, recall and f-measure

respectively. The result obtained with these test data is very encouraging and promising.

The related works for Tigrigna used the lexicon approach with a small amount of data,
but our research uses the machine leaning approach for a Tigrigna multiscale sentiment
analysis. The problem with lexicon approach is they are not easy to scale-up and
unavailability of huge lexical domain like sentiword makes classification using lexical
knowledge difficult. However, the machine learning approach is scalable, have a high
speed of learning and also have the ability to improve overtime(Wondwossen Philemon
& Wondwossen Mulugeta, 2014) (Pang et al., 2002). Therefore, in this study the
machine-learning model that can predict a given Tigrigna text into a five predefined
polarity classes (very positive, positive, neutral, negative and very negative). Summary
of some of the related works in terms of their language, methods used, data size, result

found and limitation of the research works are summarized in Table 2-8 .
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Author Language | Dataset | Method Accuracy (Research Findings) Limitation
(Selama Gebremeskel, | Amharic | 303 Lexicon - The prepared opinion terms are not
2010) sufficient
(Tulu Tilahun, 2013) | Amharic | 484 Lexicon - -Used adjectives only as sentiment words
- The sentiment words are not sufficient
(Wondwossen Amharic | 608 NB 43.6%,44.3,39.5% for unigram, | Developed model has performance
Philemon & bigram and hybrid respectively limitation due to a smaller number of
Wondwossen training data
Mulugeta, 2014)
(Abreham, 2014) Amharic | 616 NB,DT & | -81.8%, NB (BOW) & 90.9%, -Used only unigram as a feature for
MaxEnt NB(IG) classification.
-74%, DT(BOW)&83.1%, DT(IG) | -Small amount of dataset
80.5%, MaxEnt (BOW)&89.6%,
MaxEnt (IG)
(Abdul-mageed et al., | Arabic 11,918 | SVM -95% (F-Measure) - Do not use morphological features
2013) - Feature selection technique is not used
(Mountassir et al., | Arabic 1079 NB, SVM & | SVM performed better than NB & | Could include more features
2012) KNN KNN
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2018)

approach for

multi-scale

(Shoukry& Rafea, | Arabic 1000 SVM & NB | SVM achieved better than NB Could use more algorithms
2012)
(Espinosa et al., 2013) | English 7000 NB 72% (F-Score) Dataset used is not preprocessed
(Lalji & Deshmukh, | English 28000 | Hybrid - 63.23%,62.23% and 59.98% | Considers only adjectives in sentiment
2016) (Lexicon + for unigram, bigram and | type detection
ML) trigram respectively.
(Pang & Lee, 2002) English 2053 NB, MaxEnt | SVM achieved better than NB and | Dataset used for the polarity classes is
& SVM MaxEnt unbalanced
(Mebrahtu  Tadesse, | Trilingual | 564 Lexicon 87.49% Small amount of lexicon terms
2018) (Amharic, approach for
English multi-scale
and
Tigrigna
(Nabyom Shishay, | Tigrigna | 487 Lexicon - Small amount of lexicon terms

Table 2-8 Related Works Summary
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CHAPTER 3
RESEARCH METHODOLOGY
3.1 Overview
In this chapter, the selected research methodology to undergo the research, the designed
process model and its components are discussed. Section 3.2 discuss the research
methodology used and why it is selected. Section 3.3 discusses how each component

of design science research methodology is applied in this research work.

3.2 Research Design

Selection of the right research methodology is a crucial step in conducting research and
must be based on the statement of the problem. The starting point of any scientific study
is identifying the reason for conducting the research study. In order to accomplish the
research aims and objectives, help to collect, analyze and interpret data, provide valid
and reliable results, a research methodology that employs methods and techniques,
which are the best fit for the research, is selected. As a result, a research paradigm that
can produce the intended solution to the problem is employed. This research aims to
design and develop model, multi-scale sentiment analysis for Tigrigna texts using a
machine learning approach, which classifies sentiments into predefined classes. The
research encompasses designing a new artifact to solve observed problems, evaluating
the artifact and presenting the results. Therefore, design science research methodology
is a perfect fit for this research.

The Design Science Approach proposed by Peffers et al. (2007), is adopted in doing
this research which is a process model consisting of six (6) activities in a nominal
sequence. Thus, the cyclic process of the DSR suggested by Peffers et al.(2007) is
followed along with Hevner et al. (2004) ‘s framework guidance. Figure 3-1 DSR
Process Model (Peffers et al., 2007) below shows the DSR process model Peffers et
al.(2007), which consists of the following processes: problem identification and
motivation, defining objective of a solution, design and development, demonstration,
evaluation, and communication. Throughout this study, DSRM process is used to create
an artifact to efficiently address multi scale sentiment classification of Tigrigna texts,
determine objectives for a solution, design and develop an artifact that can be provide
in a solution, demonstrate the use of the artifact, evaluate the artifact and to finally

communicate the process to others.
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Figure 3-1 DSR Process Model (Peffers et al., 2007)

3.2.1 Problem Identification and Motivation

Problem identification is the first step of the research approach. At this stage, the
research problem is identified and the importance and motivation of the research is
justified (Peffers et al. 2007) with the help of the researcher’s prior observation and
further investigation through literature review. Literature review is conducted to get a
deeper understanding of the area and to get detail knowledge on the various techniques
of sentiment analysis, polarity classifications and approaches used in sentiment analysis
and to identify improvement points. In addition, to understand more about the Tigrigna
language and its morphological behavior, books written by linguistic experts are

reviewed. Problem identification and motivation is presented in section 1.2 of the thesis.

3.2.2 Definitions of Objectives

The second step of the DSRM is concerned with the definition of expected outcomes
of the research objectives. From the problem identified in the previous step and the
solutions that were attempted by previous scholars, objectives of the solution are
inferred from the given problem definition. The main objective is designing and
developing a model that classifies accurately a given Tigrigna sentence in to one of the
five predefined polarity classes.

3.2.3 Design and Development
The design and development phase consist of model designing and its development.
These activities are conducted based on the architecture of the proposed system

presented in section 4.2. This step involves in artifact design in order to classify
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Tigrigna multi scale sentimental texts using a supervised machine learning approach.
The main task in this stage is therefore, developing a design and architecture of Tigrigna
multiscale sentiment analyzer model. The components of the artifact include tokenizer,
normalizer, stop word remover, morphological analyzer, feature extractor, sentiment
classifier. Details of each component and techniques used for their development are
discussed in CHAPTER 4.

At this stage, the model is implemented using python programming, because python is
simple and powerful programming language with excellent features and extensive
support libraries to process texts in natural language processing applications. In order
to conduct an experiment for this research work, we have used different tools and
packages such as Numpy, Pandas, NLTK, Scikit Learn, HornMorpho. NumPy is a
library for python that solve scientific computation easily. Pandas is an open-source
library that is used to read CSV files and perform different operations on the CSV files.
NLTK is a package in python used for many tasks like tokenization, normalization, stop

word removal lemmatization, stemming and POS tagging.

Scikit-learn is a library for python machine learning library, which contains simple and
efficient tools for data mining and data analysis algorithms for both supervised and
unsupervised problems. HornMorpho, part of the L3 project at Indiana University, is
freely available python program used for analyzing Afaan Oromo, Ambharic and
Tigrigna words into their meaningful parts. We have used HornMorpho for both
lemmatization and stemming of the dataset. We have also used Notepad++ used for
storing CSV file format corpus in UTF-8 encoding and Microsoft word 2019 for writing
report of the experimental results.

3.2.4 Demonstration

Demonstration is a process of validating to what extent the artifact to solves the given
problem. This may involve its use in experimentation, simulation, a case study, proof,
or other appropriate activity. In this phase, in order to demonstrate the performance of
the system and its acceptance by the end users, the research uses different test cases in
the actual process. Demonstrating how the designed artifact solves problem of the
domain area using a selected optimal model is the main task we have in this phase and

its detail is presented in section 5.5.
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3.2.5 Evaluation

The Evaluation phase consists analyzing and evaluating the results of the Tigrigna
multiscale sentiment analyzer model. This involves dataset collection, annotation,
testing and evaluation. In order to test performance of the system, a corpus comprise of
1500 sentences manually selected from Facebook, YouTube Tigrigna, BBC Tigrigna,
Fana Tigrigna, SBS Tigrigna were prepared. The collected sentences are from politics,
education, entertainment and sport domains and the grammar of each sentence is
manually checked with the help of linguistic experts. The sentences are also manually
annotated as one of the five predefined classes: very positive, positive, neutral, negative
and very negative. The model is then tested and evaluated against the testing dataset
that contain the predefined classes. The results found from the experimentation phase
of the proposed system are evaluated by using a classifier evaluation metrics called
confusion metrics shown in Table 3-3-1. The most commonly used evaluation metrics
in sentiment analysis are accuracy, precision, recall and F-score(Abdul-mageed et al.,
2013).The corpus preparation and evaluation results are presented in detail in section

5.2 and section 5.4 respectively.

In this study, five predefined polarity classes: very positive, positive, neutral, negative
and very negative, are employed. Precision, recall and f-measure is calculated for each
class but accuracy is calculated for the classifier as a whole. The evaluation result of
each metrics for each language model used in the study in the corresponding learning
models is presented in CHAPTER CHAPTER 5.

# Predicted positives Predicted negatives
Actual positives True Positives(TP) False Negatives(FN)
Actual negatives False Positives(FP) True Negatives(TN)

Table 3-3-1 Confusion matrix

Where:

True Positives (TP) — predicted as positives they were actual positives
False Negatives (FN) — predicted as negatives they were actual positives
False Positives (FP) — predicted as positives they were actual negatives
True Negatives (TN) — predicted as negatives they were actual negatives

Accuracy measures the ratio of number of correctly predicted reviews to the number
of total number of reviews present in the corpus. The accuracy is determined using the

equation:
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TP+TN
ACCUNACY = = it (3-1)
TP+TN+FP+FN

Precision measures the ratio of number of correctly predicted positive reviews to the
total number of reviews predicted as positive. Out of all the positive classes, we have

predicted correctly, how many are actually positive. It is calculated as:

PIECISIONT o e (3-2)
TP+FP

Recall measures the ratio of number of correctly predicted positive reviews to the actual

number of positive reviews present in the corpus. Out of all the positive classes, how

much we predicted correctly. It should be high as possible. It is calculated as:

RECAIIS e e (3-3)
TP+FN

F1-Measure is a harmonic average of precision and recall. The more precision and

recall the better F1 measure. FI-measure can have best value as 1 and worst value as 0.

It is calculated as:

Fl-Measure=2#* " recstomRecall (3-4)

Precision+Recall

3.2.6 Communication

The final stage of the DSR process, communication, involves summarizing the test
results, presenting conclusion and recommendation from the experimentation results,
the initial description of this study is presented in the thesis work for scholarly sessions.
The result of this research work will be submitted to the department of computer science
as partial fulfilment of MSc. degree in Computer Science. Further, the research can also

be published in a conference or journal.
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CHAPTER 4
SYSTEM ARCHITECTURE AND DESIGN

4.1 Overview

In this chapter, the overall design of our proposed Tigrigna multi-scale sentiment
analysis model, the main components and their interaction is discussed in detail. First,
we illustrated the general overview of the proposed system architecture. Next, we
described how data preprocessing is performed, how supervised machine learning
algorithms classify sentence-level sentiment, components along with their sub-

components and discussed how each component and its subcomponent is implemented.

4.2 System Architecture

The proposed architecture has four major components: Pre-processor, Morphological
analyzer, Feature Extractor, and Sentiment Classifier. Each component and
subcomponent are discussed in the following sections. The preprocessor component
contains three subcomponents: Normalization, Tokenization and Stop word removal.
The Morphological Analyzer contains lemmatization subcomponent. The system
architecture is done by adopting the architectures of previously conducted research
works on the area by combining and adding new and existing components .generally
the architecture is designed after a detail investigation and understanding of the works
by (Mebrahtu Tadesse, 2018; Nabyom Shishay, 2018; Tulu Tilahun, 2013;
Wondwossen Philemon & Wondwossen Mulugeta, 2014). The general architecture of

Tigrigna multi-scale sentiment analysis model is shown in the Figure 4-1.
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Figure 4-1 Proposed System Architecture

4.3 Annotation

Annotation is the process of labeling a given sentence into one of a predefined polarity
classes for sole purpose of training the machine learning algorithm(s) either manually
or automatically. Supervised machine learning classifiers are built based on training
corpora containing correctly labeled examples for each input. In this work, multi-scale
sentiment annotation of sentences is attempted and the corpus is annotated manually
with the help of two native Tigrigna speaker human annotators according to their
sentiment polarity (very positive, positive, neutral, negative or very negative). These
sentiment polarity scales are represented by 2 and 1 for very positive and positive
respectively, -2 and -1 for very negative and negative respectively, and 0 for the neutral

polarity class.
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4.4 Preprocessing

Preprocessing is the process of cleaning noises of the raw data, gathered from different
sources, to make it easy and suitable format for the learning task in the sentiment
classification based on the selected machine learning method. Preprocessing is done to
improve the performance of machine learning sentiment classifiers because social
media data or web data is usually inconsistent, incomplete, and lacking certain
behaviors, and is likely to contain many grammatical mistakes, which is not feasible
for the analysis. The preprocessing component comprises activities such as
tokenization, normalization, and stop word removal. These activities are explained in

detail in the following sub-sections.

4.4.1 Tokenization

Tokenization is the process of breaking a stream of text up into separate meaningful
elements called tokens. The list of tokens was used as an input in next preprocessing
subcomponent. Spaces and a number of Tigrigna punctuation marks such as :, z, and ¢
are used to identify words. For example, the sentence at: A@3~ PChrE: A HINEG PANTR
184::/iti Seweta grHnti sle znebero meselcewi neyru is tokenized into [atfiti,
amF/Seweta, PCAhrE/qrHNti, aa/sle, Hi0¢/znebero, aeadFe/meselcewi, 124/neyru, =].
The output of this tokenization component, tokens of words, are used an input to the
normalization subcomponent component in preprocessing. All punctuation marks,
control characters, numbers and special characters are removed from the text before the
corpus is tokenized. The Tigrigna punctuation marks list is shown in APPENDIX C:

List of Tigrigna Punctuation Marks.
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Input: Original Corpus
Output: Punctuation Marks Eemoved Corpus
BEGIN
load the Tigrigna punctuation marks hist
open the corpus
while not end of the file

for every character in the corpus

remove the character
end if
end for
end while
close the file
END

if the character 1z m the punctuation marks list

Algorithm 4-1 Punctuation marks removal

Input: Punctustion Marks removed Corpus

Citput: Tokemized Corpus

BEGIN

open the corpus

while not end of the file
while read a semtence from the corpus

split the sentence with space delimiter

end while

end while

close file

END)|

Algorithm 4-2 Tokenization

4.4.2 Normalization

Normalization is the process of cleaning or removing unstructured and irrelevant data

from a huge collection of extracted textual data. The extracted data is full of noise

containing URLs, symbols, tags, links etc. The normalizing process puts the text in a

consistent form, thus converting all the various forms of a word to a common form. In

Tigrigna, there are different homophonic characters that have the same sound but
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written in different forms like & or 6 as in as &h2/SeHay(Sun) and 8-g/’SeHay(Sun)
that should be changed to the same form for a data uniformity and consistency.
Therefore, w is replaced with 4, 2 with e, and although it is not that common the use of
7 in Tigrigna texts, it is replaced with v. Example pseudo-code is described in
Algorithm 4-3.

Input: Tokemized Corpus
Output: Homophone Characters Normahized Corpus
BEGIN
open the tokemzed corpus
while not end of the file
for every character in the corpus
if the character 15 1 or any of its order
replace 1t with v or the respective order
if the character 13 & or any of its order
replace 1t with @ or the respective order
1f the character 15 w or any of its order
replace 1t with A or the respective order
end if
end for
end while
close file
END

Algorithm 4-3 Homophone Characters Normalization

Cliticized words (words joined by an apostrophe) are also separated into their
constituent parts in order to normalize the corpus. For example, 74’ @.7/nsu * wun is a
cliticized form of the two words 7/nsu and A@.%/iwun. This tendency occurs because
it is customary to mask laryngeals such as &, & or 4. with an apostrophe while writing.
Correction of spelling and grammatical errors and removing irrelevant contents such as
Tweeter hashtags and URLs are removed from the extracted manually as they have no
use in sentiment analysis. Example pseudo-code is described in Algorithm 4-4.
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Input: Homophone Characters Mormalized Corpus
Output: Cliticized Words Normalized Corpus
BEGIN
load the cliticized words list
open the tokenized corpus
while not end of the file
for every word in the corpus
if the word contains apostrophe
replace cliticized word with its expanded form
end if
end for
end while
cllose the file
END

Algorithm 4-4 Cliticized words normalization

Short forms of characters that are usually written using forward slash “/’) and period
(““.”) are also common in Tigrigna texts, for example, (bt dché-F/bEt ‘SHfet(office) can
be written as (L/écét, aeg°uc/memhr(teacher) as @o/c and %4av+ 9°m-/amete mHret as
9.9°. In addition, normalizing words with labialized Tigrigna characters such as
aea/gwal to aa/gWal. A list of the short word and their expanded forms is prepared
manually and the list is show in APPENDIX B: Short Words and their Expanded form
List. It basically replaces with its expanded form if it exists in the list. The output of
this normalization component, which is a normalized text, used as a direct input to the
stop word removal component. Example pseudo-code is described in Algorithm 4-5 for

short word expansion.



51

Input: Chiicized Words Normalized Corpus
Output: Normalized Corpus
BEGIN
load the Tignigna short words list file
open the corpus
while not end of the file
for each word in the corpus
if the word 13 in the Tigrigna short words list
replace 1t with its expanded form
end if
end while
close file
END

Algorithm 4-5 Short word expansion normalization

4.4.3 Stop Word Removal

The other preprocessing task is stop word removal, a common approach to reduce noise

in the data, when working with text classification methods. The most common words

in text documents such as articles, prepositions and pronouns are treated as stop words.

These words do give less significance for analyzing sentiment yet their frequency count

dominates all other words. Hence, removing stop words helps to reduce the

dimensionality of a term space. We have manually prepared stop word list from the

prepared corpus for this research and is compiled in APPENDIX A: List of Tigrigna

Stop-Words.

Input: Normalized Corpus
Ctput: Preprocessed Corpus
BEGIN
load the Tigrigna stop word list file
open the corpus
while not end of the file
read the word
if the word is found in the stop word list
remove it
end if
end while
return the remaining words
close the file
END

Algorithm 4-6 Stop Word Removal
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4.5 Morphological Analysis

Morphological analysis is the segmentation of words into their component morphemes,
returning the root of a word. A morpheme is the smallest meaningful unit of a given
language e.g., token. Morphological analysis is very vital for various natural language
process applications such as sentiment analysis. In this work, stemming and
lemmatization, morphological analysis task, is performed using HornMorpho
morphological analyzer given a training and testing data for extracting the required
features to build a classifier. HornMorpho is a freely available Python program that
analyzes Amharic, Oromo, and Tigrigna words into their constituent morphemes
(meaningful parts) and generates words, given a root or stem and a representation of

the word‘s grammatical structure(Gasser, 2011).

In the process of both stemming and lemmatization, special attention is given to the
words like 42h1%/Aykonen (it is not), because it has another form bhi/kone (it is) with a
positive polarity which is opposite to original words 42nh7%/Aykonen with negative
sentiment polarity. Therefore, we represent two words containing the stem in stemming,
lemma in lemmatization and its negative marker, so that it will keep its original

sentiment orientation.

4.5.1 Lemmatization

This morphological analysis task, converts every word of the post to their base forms
to avoid data sparseness. Lemmatizing is done in this research by integrating
HornMorpho with our system. HornMorpho analyses a given word in detail, as a result,
the output is further parsed and unnecessary elements are removed to make it suitable
for the next process using regular expression.(Abdul-mageeds et al., 2013)’s
experimental result showed that morphological analysis has more influence and impact
on sentiment analysis of Semitic languages. As a result, the preprocessed dataset is

lemmatized before the training of the learning model to reduce data sparseness.

4.5.2 Stemming

Stemming is the process of reducing inflection towards their stem and it occurs in such
a way that depicting a group of relatable words under the same stem, even if the root
has no appropriate meaning. (Wahbeh et al., 2011) conducted an experiment using
SVM and two test models in to show the effect of stemming on Arabic text
classification by using stemming as part of pre-processing steps. The results show that

applying stemming negatively affects the accuracy of the model. A research conducted
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by (Turegn Fikre, 2020),concluded that stemming in preprocessing step has negative
impact on Amharic sentiment analysis. In this study we tried to explore the impact of
stemming on Tigrigna multiscale sentiment analysis. Therefore, an experiment is
conducted using both stemmed and unstemmed dataset as an input to the classifier, to

investigate impact of stemming for multiscale Tigrigna sentiment analysis.

4.6 Feature Extraction and Representation

Feature Extraction, one of the key components in multi-scale sentiment analysis, is a
process of extracting and selecting features by which an initial set of raw data is reduced
to potential and more manageable features for further processing. Feature extraction is
the name for a method that selects and combines variables into features. It accurately
and efficiently describes the original data set while effectively reducing the amount of
data that needs to be processed. It helps in eliminating irrelevant variables to enhance
the generalization performance of the system.

N-gram model is one of the most popular models that is widely used in sentence-based
language processing. N-grams are contiguous sequences of words with length where n
items are considered from the given sentence. There are multiple n-grams like unigram,
bigram, trigrams etc. If we consider a sentence, 8(+® A120~ ANCTOTHI® NCee/'SbuQ
Agen'U abert'Kum srHu/Good job,keep it up, when n=1, then it will produce
80+F/'SbuQ, 4170+ Agen'U, AOCTHTr9°/ abert' Kum, dCdw/ srHu. If we consider n=2,then
it will produce 8¢ A7170+/'SbuQ Agen'U, &7?0- ANCHOTr9®/ Agen'U abert'Kum,
ANCHOT® ACAHY/ abert'Kum srHu. If we consider n=3, then it will produce 80 k170~
ANCTOTr9°/'SbuQ Agen'U abert'Kum srHu, &7%0- A0CTOTH® OCHh/ Agen'U abert'Kum

SrHu.

The main aim of feature extraction is finding a suitable set of features that improves the
classification accuracy. Given its importance, we have performed the feature extraction
task through different variants of n-gram model in our study. Once the data is pre-
processed, features relevant for sentiment analysis are extracted. On the cleaned data,
unigram, bigram, trigram and hybrid of unigram and bigram variants of n-gram model
is applied to form a feature vector space. The simplicity and scalable nature of n-grams
makes them effective.

N-gram features have been used in various NLP studies for various tasks including
sentiment analysis. Many experiments in previous research have proven that n-grams

improved the quality of feature sets.(Wondwossen Philemon & Wondwossen Mulugeta,
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2014) used unigram, bigram and hybrid variants of n-gram as features and achieved
43.6%, 44.3%, and 39.5% respectively by employing naive Bayes algorithm. (Abreham
Getachew, 2014) used unigram as a feature with the most informative words and
achieved 90.9%, 83.1% and 89.6% for naive Bayes, decision tree and maximum
entropy respectively. Mourad & Darwish (2013) used number of features like POS, n-
gram, tweets-specific features, presence of emoticons, usage of decorating characters,
punctuations, elongations and repetitions by implementing Naive Bayes and SVM

classifiers using NLTK tool and Naive Bayes perform better than SVM.

Feature Representation, main step in a machine learning text classifier, is a process of
transforming the text into a numerical representation, usually a vector. The process of
automatic feature extraction uses preprocessed lemmatized text as an input. The input
is large labeled data, and once this data is preprocessed, both lemmatized and stemmed
features are extracted before it is used for training. In feature representation, once the
features are extracted from the training and test data, the dataset is transformed into a
feature vector. The output from this stage is a fixed-size vector representation for each
word using term frequency inverse document frequency (TF-IDF). It reflects the
importance of a word in the corpus or the collection. TF-IDF value increases with
increase in frequency of a particular word in the document. In order to control the
generality of more common words, the term frequency is offset by the frequency of
words in corpus. Term frequency is the number of times a particular term appears in
the text. Inverse document frequency measures the occurrence of any word in all
documents. Except the neural class, both our training and testing corpus is composed
of shorter length sentences because our data sources are social media platforms such as
Facebook where users write short length sentences as comment or feedback. Besides
with the removal of stop words most relevant higher order n-grams will be reduced to
a bigram or trigram, as a result, we employed only unigram, hybrid of unigram and
bigram, hybrid of unigram and trigram, bigram, hybrid of bigram and trigram and

trigram variants of N-gram as a feature for conducting our experiment.

4.7 Training Learning Models

The supervised machine learning algorithms are used for training the Tigrigna multi-
scale sentiment analysis model. The classification model decides how to classify based
on pattern and associating the patterns to the unlabeled new data. Once the required
features are extracted from the dataset, the next step of the experiment is to train the

classifier with a pre-defined training feature vectors with a number of machine learning
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classifiers that are proved to provide high accuracy in sentiment analysis for similar
cases. Three supervised machine-learning classifiers were used: Support Vector
Machine, Naive Bayes, and Maximum Entropy because of their reported performance
in previous sentiment-analysis studies (Wondwossen Philemon & Wondwossen
Mulugeta, 2014);(Abreham Getachew, 2014); (Abdul-mageed et al., 2013). They
employed SVM supervised machine learning algorithms for classification and achieved
a very promising result. Mourad & Darwish (2013) implemented both Naive Bayes and
SVM classifiers using NLTK tool and claimed that their performance result suppresses

all the Arabic subjectivity and sentiment analysis previous studies.

4.8 Sentiment Classification

The final stage of the multiscale sentiment analysis of Tigrigna texts is application of
the classification to an unseen (testing) data on the trained learning model. The built
sentiment learning model classifies the given sentences into one of the five classes (very
positive, positive, neutral negative and very negative). The output of the sentiment
classification component is the sentiment polarity value. For example, if this sentence
6P (c-ch A% POAP/'SHQ sraH iyu ge’Slwo (Good job! Keep it up) then the polarity level
of this sentence is positive, yet polarity value of the sentence M7, 60 Adch A%
Pa0P/bTa'mi 'SbQ sraH iyu ge’Slwo (very good job! Keep it up) is very positive
because of the word 1M1 (very).
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CHAPTERS
EXPERIMANTATION AND EVALUATION

5.1 Overview

This chapter presents the demonstration of the proposed multiscale Tigrigna sentiment
analysis model. demonstration is the process of using the artifact to solve one or more
instances of the problem (Peffers et al., 2007).In this chapter, the data
collection,annotation,and description, the implementation and experimental setups,
procedures, results, evaluations and discussion of the proposed model results is
discussed in detail.

5.2 Corpus Preparation

5.2.1 Data Collection

A machine learning approach requires a corpus for both training and testing and the
data for this proposed study are the comments, feedback or blog contents written by
readers, users or customers. As far as our knowledge, there is no publicly available
prepared Tigrigna dataset for sentiment analysis. As a result, we have collected 1500
sentences from different sources such as Facebook, YouTube, Twitter, SBS Tigrigna,
VOA Tigrigna, BBC Tigrigna, Fana Tigrigna and Walta Tigrigna websites manually.

The main reason why we selected these data sources is the platforms provide their
services in Tigrigna and make their users engage in their issues. The collected texts are
handpicked sentences from domains such as politics, education, entertainment and
sport. The main reason to why we used the domains is due to the lack of readily
available reviews written in Tigrigna and we believe that, large number of reviews can
be collected easily from multiple domains than a single domain. In addition, these
domains are among topics that users engaged and participated actively and freely by

their own language on different platform.

As far as we know, there is also no Tigrigna stop words list available for use and we
manually prepared the list, which contains five hundred and fifty-five (555) stop words
using mainly the corpus and other Tigrigna texts as a source. To the best of our
knowledge, there is also no publicly available, contractions list for use. As a result we
have adopted (Hailay Beyene, 2013)’s contractions list and updated it .we have used
seventy seven(77) short words in this study. All words in the prepared stop word list
and short word list are normalized for data uniformity and consistency. We have also
prepared a small list of cliticized words (words joined by an apostrophe), which
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contains 10 common cliticized words, that needs to be separated into their constituent
parts in order to normalize the corpus. The collected sentences with its size and data

sources are summarized and presented in Table 5-1.

Source Size
Facebook 620
YouTube 655
Fana Tigrigna 135
SBS Tigrigna 25
BBC Tigrinya 28
VOA Tigrinya 22
Twitter 20
Total 1500

Table 5-1 Data Collection Summary
The collected sentences are stored in a CSV formatted file and, any time we want to

incorporate new data, we simply append on the file that stored the reviews. A language
experts assisted in the sentiment corpus preparation. Correction of spelling and
grammatical errors and removing irrelevant contents such as Tweeter hashtags were

done manually.

5.2.2 Data Annotation

This activity is concerned with labeling the collected sentences for experimental
purpose with the help of human annotators, which takes much developing time and
results in disagreement between annotators. All the collected sentences are manually
categorized into predefined categories: Very positive (2), positive (1), neutral (0),
negative (-1) and very negative (-2). A similar number of sentences for each category
were annotated manually. We have engaged two native Tigrigna language speakers’
annotators to assist with the corpus annotation. We have measured the conformity
between the annotators and found 81.4% value of the Kappa (K) parameter, which
shows an acceptable strength of agreement between the two annotators.

Sentences from different domains; politics, entertainment, education and sport were
given to the annotators to categorize the sentences based on their judgment. The
annotators were trained on how to label the sentences into one of the predefined classes

by considering the content of the sentence. In the first round, each annotator was given
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750 sentences. In the next pass, the 750 sentences were swapped between the two
annotators. In the end, each of the annotators had annotated 1500 sentences. Then we
have verified the final polarity annotation of the sentences by examining each sentence
manually. If two of the annotators were agreed in annotating polarity of the sentence,
then the respective sentence was labeled as given by the annotators. When they do not
agree, then we decided polarity of the sentence. The annotated corpus contains 1,500
sentences collected manually from YouTube, Facebook, and websites of FBC Tigrigna,
Walta Tigrigna, VOA Tigrigna, BBC Tigrigna, and SBS Tigrigna for sport, politics,

education and entertainment domains.

5.2.3 Dataset Description

The corpus consisting of 1500 sentences is a balanced corpus where there are equal
number of sentences for each class. The corpus is divided into training set which
consists of 80 % (1,200 sentences) and testing set consists the remaining 20 % (300

sentences). A sample sentences for each class is attached in Appendixes F-J.

No. | Name of Classes Label of Classes Number of Sentences
1 Very Positive 2 300

2 Positive 1 300

3 Neutral 0 300

4 Negative -1 300

5 | Very Negative -2 300

Total 1500

Table 5-2 Number of annotated sentences for each class

5.3 Implementation

In this study, python programming language with different development tools and
packages is used in the process of experimenting this study. The tools that have been
used include Jupyter Notebook, NLTK, Pandas, Numpy, Scikit learn machine learning
library and HornMorpho to build a machine learning model.

NumPy is a library for python that solve scientific computation easily. Pandas is an
open-source library that is used to read CSV files and perform different operations on
the CSV files. NLTK is a package in python used for many tasks like tokenization,
normalization, stop word removal lemmatization, stemming and POS tagging. Scikit-

learn is a library for python machine learning library, which contains simple and
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efficient tools for data mining and data analysis algorithms for both supervised and
unsupervised problems. HornMorpho, part of the L3 project at Indiana University, is
freely available python program used for analyzing Afaan Oromo, Ambharic and
Tigrigna words into their meaningful parts. We have used HornMorpho for both

lemmatization and stemming of the dataset.

Figure 2-1 shows the important libraries that are imported for building the machine

learning model.

import pandas as pd

import nltk

import re

import string

from nltk.corpus import stopwords

from nltk.tokenize import WordPunctTokenize

import matplotlib.pyplot as plt

import numpy as np

from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.model_selection import train_test_split, cross_val_score
from sklearn.naive_bayes import MultinomialNB

from sklearn.linear_model import LogisticRegression

from sklearn.svm import LinearSVC

from sklearn.metrics import confusion_matrix

from sklearn.metrics import classification_report

import seaborn as sns

Figure 5-1 Important packages imported for experimentation
Once the necessary libraries and packages are imported, we loaded the prepared and

annotated dataset file using pandas to load the data as a DataFrames from the disk as
shown in Figure 5-2. The pandas method read_csv reads file in the tab separated file

and load it as DataFrames, where instances of the data are accessible via column name.

import pandas as pd
tsa= pd.read csv{'Final TSA Dataset38@.csv’', sep='\t',encoding="utf8")

Figure 5-2 Loading the dataset
After dataset has been loaded, the next step is to preprocess it which involves removing

unimportant and noisy elements for the next stage of analysis. We used NLTK python
module to tokenize the dataset and removing Tigrigna stop words from the dataset. We
have also used regular expression in order to normalize homophones and remove
punctuation marks, special characters, symbols, emojis, numbers, extra spaces, and so
on. Figure 5-3 shows the included activities of dataset preprocessing step of the

experiment.
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def preprocess_sent(new_sent):
preprocessed_sent=new_sent
dictionary = {'&’ S :'&‘,'R':'i','ﬁ'. 1, & LR e, RN E,
! '.'n',w»':'u','%':‘a', at, .'n‘,'f“:'h','?':'ﬁ]
"1':'[3',":-‘:'0»','1':"!',':"':"r","‘1,':"}’.',"‘r':'u',"{."':'u",}
preprocessed_sent = preprocessed_sent.translate(preprocessed_sent.maketrans(dictionary))
preprocessed_sent=identify_tokens(preprocessed_sent)
preprocessed_sent=con_expansion(preprocessed_sent)
Tigstopword = nltk.corpus.stopwords.words (' Tigrigna')
preprocessed_sent = [word for word in preprocessed_sent if not word in stopwords.words()]
preprocessed_sent=remove_punctuations(preprocessed_sent)
preprocessed_sent = preprocessed_sent.replace( \d+', ')
preprocessed_sent=remove_emoji(preprocessed_sent)
preprocessed_sent = preprocessed_sent.replace(r'[*\ul208-\ul37F]", ' ")
preprocessed_sent = re.sub(’' +',' ', preprocessed_sent)
return preprocessed_sent

Figure 5-3 Dataset preprocessing
Once the preprocessing work is finished, lemmatization of the dataset followed. We

used anal_file () function from HornMorpho tool for lemmatizing the preprocessed

dataset. Figure 5-4 presents the code to lemmatize the preprocessed dataset.

def lemmatize all dataset():

tsa['Processed '] = tsa[ 'Processed’].str.replace(’ ", '_")

with open(’lemma_tsa_22.txt', 'w',encoding="utfg") as f:
f.write(tsa[ 'Processed '].str.cat(sep="="))

hm.anal_file('ti', 'lemma_tsa 22.txt', 'lemma_tsa_output 22 .txt',nbest=1)

mystr="4#

f = open('lemma_tsa output 22.txt’, 'r+',encoding="utfg")
lines = f.readlines()
mystr = ''.join([line.strip() for line in lines])
mystr=mystr.split('=: ="}
text_file = open("Lemmatized tsa Output 22.txt", "wt",encoding="utf3")
text_file.write("Lemmatized\n")
for sent_token in mystr:
token=sent_token.split(' : ')
neg="negative’
for © in token:
if neg in t:
t=re.sub{r'~(.*)word: ' ,r'", str{t))
t=re.sub(r'POS(. ”}‘5 P, str(t))
t=re.sub{r'<(.*?)>',r"'", str(t))
t=re.sub(r"\ (.'?)\:',P", str(t))
t=re.sub(r",",r"", str(t))
re.sub(r'=(.*?)",r" ', str(t))
t=re.sub(r'grammar(.*2?)",r" ', str(t))
t=re.sub(r'word: ({.*?)citation:",r'x", str(t))
t=re.sub(r'[*\ul288-\ul37F] ,r"'", t)
text_file.write(t)
text_file.write(" ™)
text file.write{"\n")

Figure 5-4 Lemmatization
Once the dataset was loaded, preprocessed and lemmatized, the next step is to extract

the feature from the lemmatized dataset and we used the python Scikit-learn module
TfidfVectorizer as a vector transformation method because machine learning models
operate on vectors instead of words. Then three learning models (Naive Bayes,
Maximum Entropy, Support Vector Machine) were trained by using the training dataset
and tested using the testing dataset. Figure 5-5 shows TfidfVVectorizer implementation

for unigram language model. We used 20% of the corpus for testing the model.
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cv_counts_lg=TfidfVectorizer(ngram range=(1,1),analyzer="uord")

X _counts_lg=cv_counts_lg.fit_transform(tsa.Processad).toarray()

X train lg, X test lg, y train lg, y test lg = train test split(X counts lg, tsa.Polarity, test size=8.2,shuffle=True,
randon_state=123,stratify=tsa.Polarity)

Figure 5-5 Tfidf vectorizer for unigram language model
For implementing the Naive Bayes, we used MultinomialNB() function of sklearn, as

it suitable for classification of multi-class data. Figure 5-6 shows the implementation

of Naive Bayes.

c1f Multinomial=MultincmialB()
c1f Multinomial.fit(X train,y train)
y_predict=clf Multinomial.predict(X_test);

Figure 5-6 Naive Bayes model
we used LogisticRegression() function of sklearn package to build the Logistic

Regression (aka MaxEnt) model. Figure 5-7 shows the implementation of MaxEnt.
logisReg=LogisticRegression()

logisReg.fit(X_train_lg,y train_lg)
y predict lg=logisReg.predict(X test lg);

Figure 5-7 MaxEnt Model
We used LinearSVC() function of the sklearn package for building the SVM model.

Figure 5-8 shows the implementation of SVM.

1inSVC=LinearSVC()
LinSVC.FIt(X_train sve,y train suc)
y_pradict svc=LinSVC.predict(X _test svc);

Figure 5-8 SVM Model

5.4 Experimental Results

The experimental procedure is, as is standard in supervised machine learning tasks, first
training a classifier on pre-annotated training data set and then evaluating the
performance of the classifier on unlabeled data set. Once the prepared dataset was
preprocessed, we converted it to a numeric vector matrix using tfidf vectorizer. We
have then lemmatized and stemmed the preprocessed dataset in a parallel stage. We
have then used the preprocessed lemmatized dataset for conducting experiments that
intends to answer RQ1 and RQ2; while the preprocessed stemmed dataset for
conducting the experiments that intends to answer RQ3 [explore the effect of stemming

in Tigrigna sentiment analysis].
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The classification report below shows performance of the unigram model using Naive
Bayes learning model.

Classification Report of Multinomial MNaive Bayes with Unigram Language Model

precision recall fl-score support

-2 B.5@ 8.55 @.52 6a

-1 B.7a @.35 Q.47 6a

2 B.9a 9.98e 2.99 6a

1 B.59 9.68 Q.69 6a

2 8.57 .78 @.66 6@

accuracy @.64 jea
macro avg 8.65 9.64 @.63 jea
weighted avg 8.65 9.64 @.63 jea

Figure 5-9 Unigram Language Model Output using Naive Bayes

As results shown in the Figure 5-9 , NB classifier achieve an overall accuracy of 65%
for classifying Tigrigna multi-scale sentiment texts. The classifier scored a precision of
54%,68%,88%,64% and 57% for very negative, negative, neutral, positive and very
positive classes respectively. The neutral class misclassified 12% which is lower error
rate comparing to the other classes.

Classification Report of MaxEnt with Unigram Language Model

precision recall fl-score support

-2 B.56 a.47 @.51 Be

-1 B.62 a.78 .66 B

5] B8.82 B.83 @.85 B

1 8.75 Q.72 @.74 Ge

2 B.68 @.63 .68 Be

accuracy @.69 sae
macro avg B8.69 2.69 @.69 Jae
weighted avg B8.69 9.69 @.69 Jae

Figure 5-10 presents the classification reports of unigram model using MaxEnt and

scored 68% of accuracy, weighted precision, recall and f1-score.

Figure 5-10 Unigram Language Model Output using MaxEnt

The very negative polarity class classified correctly with 58%, and misclassified with
32%. The neutral polarity class classified correctly with 78% and misclassified with
22%. The results show neutral class gained lower precision error rate while very

negative class scored higher precision error rate.
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Classification Report of SVM with Unigram Language Model

precision recall fl-score support

-2 g.61 8.55 @.58 6@

-1 B.63 8.62 8.62 515

a B.85 a.87 a.86 (5]%)

1 B.79 a.73 @.76 (1%)

2 B.69 a.8a @.74 6@

accuracy a.71 3ga
macro avg 8.71 a.71 8.71 280
weighted avg 8.71 a.71 8.71 280

Figure 5-11 Unigram Language Model Output using SVM

The results in Figure 5-11 shows that, the very positive, positive, negative, very
negative and neutral classes correctly classified true positive 77%,69%,59%,61% and
84% respectively which is better performance result comparing it with above shown
results.

The experiments for this study were done using unigram, hybrid (unigram + bigram),
hybrid (unigram + trigram), bigram, hybrid (bigram + trigram), and trigram N-gram
models with a three learning models: Naive Bayes, SVM and Maximum Entropy given
the same dataset. In this study, we have conducted 36 experiments categorized into to
two-categories with 18 experiments for category one and the rest in category two. The
first category of experiments is done with a preprocessed lemmatized dataset and they
are designed to compare performance of the used language models and learning models.
The second category of experiments is conducted with a preprocessed stemmed dataset
as an input and are designed to explore the effect of stemming in Tigrigna sentiment
analysis. The experiments were conducted to measure the overall performance of the
developed Tigrigna sentiment analysis system. At the end of the experiment, all the
performance results of each language and learning models mentioned above are
recorded and presented in the forthcoming section according to their experimental

categories.

5.4.1 Experimental Results: Comparison of Models and Algorithms

In this subsection, we have performed a comparative analysis of the algorithms used
with each language models we have employed.

The following table presents experimental results of unigram model using the employed

three algorithms.



NB 0.65 0.64 0.63 0.64
MaxEnt 0.69 0.69 0.69 0.69
SVM 0.71 0.71 0.71 0.716

Table 5-3 Experimental Results of Unigram Model
As shown in Table 5-3, we achieved an accuracy of 69% using a MaxEnt, 71.6% using

SVM and 64% using a Naive Bayes. Based on the result, SVM works better with 71.6%

of accuracy.

The following table presents experimental results of Hybrid (unigram + bigram) model

using the employed three algorithms.

NB 0.66 0.65 0.65 0.65
MaxEnt 0.69 0.69 0.69 0.69
SVM 0.70 0.70 0.70 0.70

Table 5-4 Experimental Results of Hybrid Model
Based on the result presented in Table 5-4, SVM outperforms Naive Bayes by 5% and

MaxEnt by 1%, achieving accuracy of 70%.

The following table presents experimental results of hybrid (unigram + trigram) model

using the employed three algorithms.

NB 0.66 0.66 0.65 0.66
MaxEnt 0.70 0.69 0.69 0.69
SVM 0.71 0.71 0.71 0.71

Table 5-5 Experimental Results of hybrid (unigram + trigram) Model

As shown in Table 5-5Table 5-3, we achieved an accuracy of 69% using a MaxEnt,
71% using SVM and 66% using a Naive Bayes. Based on the result, SVM works better
with 71% of accuracy.
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The following table shows, experimental results of Bigram model using the employed

algorithms.

NB 0.65 0.42 0.41 0.42
MaxEnt 0.71 0.47 0.47 0.47
SVM 0.71 0.47 0.47 0.47

Table 5-6 Experimental Results of Bigram Model
Based on the result presented in Table 5-6, SVM and MaxEnt achieved 47% of accuracy

and outperformed naive Bayes with 5%.

The following table shows, experimental results of hybrid (bigram + trigram) model

using the employed algorithms.

NB 0.57 0.39 0.38 0.39
MaxEnt 0.71 0.46 0.46 0.46
SVM 0.70 0.46 0.47 0.46

Table 5-7 Experimental Results of hybrid (bigram + trigram) Model
Based on the result presented in Table 5-7, SVM and MaxEnt achieved 46% of accuracy

and outperformed naive Bayes with 7%.

The following table presents, experimental results of Trigram model for all employed

algorithms.

NB 0.56 0.21 0.17 0.21
MaxEnt 0.74 0.26 0.17 0.26
SVM 0.74 0.26 0.17 0.26

Table 5-8 Experimental Results of Trigram Model
The results in Table 5-8 showed that the SVM and MaxEnt performed similar scores in

the trigram model with an accuracy of 26%, while naive Bayes scored lower than the

two with an accuracy of 21%.
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Figure 5-12 shows summary of naive Bayes, maximum entropy and support vector

machine gained accuracies for each experimented language model.

I MMNB

70 -
BN MaxEnt

60 1 . 5

5 -

40 -

30 -

20 4

10 1

0 -

Unigram Hybrid(1+2Hybrid(1+3) Bigram Hybridi2+3) Tigram

Accuracies

Figure 5-12 Summary Experimental Results in terms of Accuracy
The accuracy of the naive Bayes in unigram, hybrid of unigram and bigram, hybrid of

unigram and trigram, bigram, hybrid of bigram and trigram, and trigram is 64%,
65%,66%,42%, 39%and 21% respectively. The accuracy of the maximum entropy in
unigram, hybrid of unigram and bigram, hybrid of unigram and trigram, bigram, hybrid
of bigram and trigram, and trigram is 69%, 69%,69%,47%, 46%and 26% respectively.
The accuracy of the support vector machine in unigram, hybrid of unigram and bigram,
hybrid of unigram and trigram, bigram, hybrid of bigram and trigram, and trigram is
71.6%, 70%,71%,47% ,46% and 26% respectively.

As shown in Figure 5-12, SVM achieved the highest accuracy with unigram language
model and it does not take much training data to start providing accurate results,
although it took more computational resources. In short, SVM takes care of drawing a
line or hyperplane that divides a space into two subspaces: one subspace that contains
vectors that belong to a class and another subspace that contains vectors that do not
belong to that class.

Naive-Bayes performs very poorly when features are highly correlated which is
limitations of NB classifier and since our dataset contains highly correlated features NB
results are poor for all language models when comparing to SVM and MaxEnt. Since
MaxEnt is much more robust to correlated features; it has achieved the second-highest

result next to SVM.We have also observed that the learning model’s accuracy is better
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for unigram, hybrid of unigram and bigram, and hybrid of unigram and trigram
language models and this is because they are less sparse than the bigrams and trigrams
as we have used small amount of dataset in a multiscale polarity classification.
Generally, the achieved evaluation results are encouraging and we are convinced more

training data could improve the performance.

Confusion Matrix(SWvM for Unigram}
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Figure 5-13 Confusion matrix of SVM with Unigram

In general, the experimental results show that SVM with unigram language model
performed better and is suggested as a classification model for the Tigrigna multi-scale
sentiment analysis system. Figure 5-13 shows the confusion matrix of SVM with
unigram language model and it presents the correct classifications and
misclassifications of each polarity class represent as 2, -2,0,1 and -1 for very positive,
very negative, neutral, positive and negative respectively. We have used 300 sentences
which is 20% of the balanced corpus for the purpose of testing the learned models, as
a result each polarity class is comprised of 60 sentences in the testing dataset. The
confusion matrix shows how many of the sentences are correctly classified and
misclassified, for example out the 60 sentences of the neutral polarity class, 51 are
correctly classified and 9 are incorrectly classified. Besides to the neutral polarity class,
both the positive and negative polarity classes also works better than the very positive

and very negative polarity classes. The very negative and very positive polarity classes
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are mainly comprised of diminishers and intensifiers in our corpus which the unigram
language model could not capture all of them effectively as it only considers one word
of the given sentence. As a result, the classifier has poorly classified a correct
classification of 30 and 40 out of the 60 given sentences in the dataset for the very

positive and very negative polarity classes respectively as it is shown in Figure 5-13.

5.4.2 Experimental Results: Effect of Stemming
In this subsection, 18 experiments are conducted mainly to see the effect of stemming
in Tigrigna sentiment analysis using NB, MaxEnt and SVM with each language models

employed on both unstemmed and stemmed preprocessed dataset for the experiments.

Table 5-9 shows experiment evaluation results of unigram model comparing the effect

of stemming using all the employed algorithms.

NB Without stemming | 0.65 0.64 0.63 0.64
With stemming 0.66 0.64 0.64 0.64

MaxEnt | Without stemming | 0.69 0.69 0.69 0.69
With stemming 0.70 0.69 0.69 0.69

SVM Without stemming | 0.71 0.71 0.71 0.716
With stemming 0.69 0.69 0.69 0.69

Table 5-9: Experiment Result of Unigram Model: Effect of Stemming
As presented in Table 5-9 the accuracy of Tigrigna sentiment analysis with stemming
is lower than without stemming in the unigram language model by 2.6% for SVM and

it does not show any change in the case of MaxEnt and NB.
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Table 5-10 shows experiment evaluation results of hybrid of unigram and bigram model

comparing the effect of stemming using all the employed algorithms.

NB Without stemming | 0.66 0.65 0.65 0.65

With stemming 0.67 0.66 0.66 0.66

MaxEnt | Without stemming | 0.69 0.69 0.69 0.69

With stemming 0.69 0.69 0.69 0.69

SVM Without stemming | 0.70 0.70 0.70 0.70

With stemming 0.70 0.70 0.70 0.70

Table 5-10: Experiment Result of Hybrid (unigram + bigram) Model: Effect of
Stemming

As shown in Table 5-10 the accuracy of Tigrigna sentiment analysis without stemming

is lower than with stemming in the of unigram and bigram language model by 1% for

NB. However, in the case of SVM and MaxEnt it does not show any change regarding

the accuracy.

Table 5-11 shows experiment evaluation results of hybrid of unigram and trigram

model comparing the effect of stemming using all the employed algorithms.

NB Without stemming | 0.66 0.66 0.65 0.66
With stemming 0.67 0.65 0.65 0.65
MaxEnt | Without stemming | 0.70 0.69 0.69 0.69
With stemming 0.71 0.71 0.71 0.71
SVM Without stemming | 0.71 0.71 0.71 0.713
With stemming 0.70 0.70 0.70 0.70
Table 5-11: Experiment Result of Hybrid (unigram + trigram) Model: Effect of
Stemming

As shown in Table 5-11 the accuracy of Tigrigna sentiment analysis with stemming is

lower than without stemming in the hybrid of unigram and trigram language model by
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1% for NB and, 2% for MaxEnt. However, in the case of SVM, accuracy of without

stemming is higher than the stemmed by 1.3%.

Table 5-12 shows experiment evaluation results of bigram model comparing the effect

of stemming using all the employed classification algorithms.

NB Without stemming | 0.65 0.42 0.41 0.42
With stemming 0.59 0.42 0.43 0.42
MaxEnt | Without stemming | 0.71 0.47 0.47 0.47
With stemming 0.65 0.49 0.50 0.49
SVM Without stemming | 0.71 0.47 0.47 0.47
With stemming 0.66 0.50 0.50 0.50

Table 5-12: Experiment Result of Bigram: Effect of Stemming
As presented in Table 5-12 accuracy of Tigrigna sentiment analysis with stemming is

higher than without stemming in the bigram language model by 2% and 3% for MaxEnt

and SVM respectively. However, it does not show any change in NB learning model.

Table 5-13 shows experiment evaluation results of hybrid of bigram and trigram model

comparing the effect of stemming using all the employed classification algorithms.

NB Without stemming | 0.57 0.39 0.38 0.39
With stemming 0.59 0.47 0.48 0.42
MaxEnt | Without stemming | 0.71 0.46 0.46 0.46
With stemming 0.67 0.49 0.50 0.49
SVM Without stemming | 0.70 0.46 0.47 0.46
With stemming 0.66 0.49 0.50 0.49

Table 5-13: Experiment Result of Hybrid (Bigram + Trigram): Effect of Stemming
As presented in Table 5-13 accuracy of Tigrigna sentiment analysis with stemming is

higher than without stemming in the bigram language model by 3% for all the three

employed learning models.
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Table 5-14 shows experiment evaluation results of trigram model comparing the effect

of stemming using all the employed classification algorithms.

NB Without stemming | 0.56 0.21 0.17 0.21
With stemming 0.56 0.23 0.19 0.23
MaxEnt | Without stemming | 0.74 0.26 0.17 0.26
With stemming 0.64 0.27 0.19 0.27
SVM Without stemming | 0.74 0.26 0.17 0.26
With stemming 0.64 0.27 0.19 0.27

Table 5-14: Experiment Result of Trigram Model: Effect of Stemming

As shown in Table 5-14 accuracy of Tigrigna sentiment analysis with stemming is
higher than without stemming in the trigram language model by 1%, 2% and 2% for
NB, MaxEnt and SVM respectively.

Table 5-15 presents summary results of all the employed language and learning models

with and without stemming.

Models/Algorithms | NB MaxEnt | SVM NB MaxEnt | SVM
Unigram 0.64 0.69 0.716 0.64 0.69 0.69
Hybrid (1+2) 0.65 0.69 0.70 0.66 0.69 0.70
Hybrid (1+3) 0.66 0.69 0.71 0.65 0.71 0.70
Bigram 0.42 0.47 0.47 0.47 0.49 0.50
Hybrid (2+3) 0.39 | 0.6 0.46 042 |0.49 0.49
Trigram 0.21 0.26 0.26 0.23 0.27 0.27

Table 5-15 Summary of Effect of Stemming in terms of Accuracy
Accuracy of Naive bayes for hybrid of unigram and trigram language model reduces

from 66% to 65% and achieved same result for unigram feature. But it increases
1%,5%,3% and 2% for hybrid of unigram and bigram, bigram, hybrid of bigram and
trigram and trigram respectively. In the case of MaxEnt, the accuracy increases from

for hybrid of unigram and trigram, bigram, hybrid of bigram and trigram, and trigram
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by 2%,2%,3% and 1% respectively, however it does not show any change for unigram
and hybrid of unigram and bigram models. The accuracy of SVM reduces for unigram
and hybrid of unigram and trigram, but increases for bigram, hybrid of bigram and
trigram, and trigram language models. It does not show any change for hybrid of
unigram and bigram language model. In general, since stemming removes affixes, and
these trimmed affixes, some are indicative of sentiment and their removal leads to

system under-performance when using a stemmed dataset for sentiment classification.

5.5 Prototype

In order to test the proposed model, we have developed a window based graphical user
interface prototype using a python programming language Tkinter package. The main
task is to predict whether a given sentence is very positive, positive, neutral, negative
or very negative. Sample of the prototype that shows accepting Tigrigna text inputs
from the user through the data input widget and displaying the polarity classification of
the given input text is shown in Figure 5-14. The demo indicates that the user can write
his/her sentiment in Tigrigna towards a target of object in the input text widget through
and submit so that the opinion can be pre-processed, morphologically analyzed,
classified and the polarity classification result displayed in the polarity value label
widget.

§ TSAS(Tigrigna Sentiment Analysis System) - 0O X
File Help

Tigrigna Sentiment Analysis System

Polarity Value
AN Mo, &+ L) Af

Enter Sentence Here Very Positive

Select learning model : ‘Suppm’r Vector Machine v

Select n-gram mode! : ‘Um'gram v

Show Result Clear

Figure 5-14 Prototype Demo |
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Figure 5-14 also shows a given sample sentence and its classified polarity value. When
“Show Result” button is clicked the input text goes through classification phase with
accordance to the selected algorithm and language model. Finally, the system made
prediction and result displayed on the “Polarity Value” label field. The result, which is
displayed in the “polarity value” label field one of the five predefines sentiment classes
namely very positive, positive, neutral, negative or very negative. The “Clear” button
used to clear both the input text field and result displaying label filed.

Similarly, sample of the prototype that shows browsing Tigrigna sentence texts with a
csv file format from file and their polarity classifications are presented in Figure 5-15.
Large number of reviews can be collected manually or automatically and stored in csv
formatted file. This large number of texts can be processed and classified at once. In
this case, each sentence is processed and labeled with its polarity value and final
statistical data that shows the given total number of sentences and number of classified
polarity value for each polarity class is generated so that this data can be used for further

analysis.

¢ T5ASTigrigna Sentiment Analysis System) - 0 X
File  Help
Upload File

Prediction Result
Total no of Sentences:42
Very Positive:8
Posttive:13

Figure 5-15 Prototype Demo Il

5.5.1 User Acceptance Testing
Once the experimentations were conducted and the prototype was developed then, the
user acceptance testing evaluation is carried out by the system's possible end-users to

ensure that whether the performance of the system is accurate and the system is usable
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by the end-users. Thus, in this study 5 users were selected and had been given the
chance to use and interact with the system. The users selected were two YouTube
channel owners and three activists (used Facebook extensively). Therefore, to analyze
the system performance with user evaluations, the selected users put their values based
on Likert scale such as Excellent = 5, Very Good =4, Good =3, Fair =2 and Poor =1.
Thus, this method helps us to manually examine user acceptance based on the
evaluator’s response. The interview questions format for feedbacks of the possible end-
users on system interactions are shown on APPENDIX K: User Acceptance Testing
Evaluation Query. Different researchers have used different types of user acceptance
testing evaluation criteria and for this study, the evaluation criteria are customized from

(Alemu, 2019). The results of the end-user evaluation are summarized in Table 5-16.

No. | Criteria of Evaluation

© [«B)
— o (@]
c o () ©
= o > |
8 - _§ = S o S
i[> |o | & | & |2 | &
Simplicity of the system 3 2 0 0 0 46 | 92%
Efficiency and Effectiveness of the | 1 4 0 0 0 4.2 84%
system
Attractiveness of the system 0 3 2 1 0 38 | 76%
Accuracy of the system to classify a | 3 1 1 0 0 44 | 88%
given text
Importance of the system in the | 4 1 0 0 0 48 | 96%
domain area
Error tolerance of the system 0 2 2 1 0 3.2 | 64%
Total Average 4.16 | 83.3%

Table 5-16 User acceptance testing evaluation results

As shown in Table 5-16, 60% of the evaluators assessed the prototype’s simplicity as
Excellent, 40% rated it as Very Good. In the second criteria of evaluation, the prototype
effectiveness and efficiency 80% of the evaluators gave it a Very Good rating and 20%
gave it an Excellent rating. In the third category, which is Attractiveness of the
prototype, 60% of the evaluators gave it a Very Good rating, 40% gave it a Good rating,

and 20% gave it a Good rating. In fourth criteria, 60% of respondents assessed its
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accuracy to classify a given sentence with its evaluation criteria as Excellent, while 20%
ranked it as Very Good and the rest 20% as a Good rating.

Regarding the importance of the developed prototype in the domain area, 80% of the
evaluators gave it an Excellent rating, and 20% gave it a Very Good rating. The final
evaluation criterion is error tolerance of the system, in which 60% of respondents
assessed the system's capacity to tolerate errors as Very Good,40% of respondents as a
Good and 20% of respondents ranked it as a Fair. Finally, according to the user’s
evaluation results, the prototype average performance is 4.16 out of 5. This result
indicates that the Tigrigna Multiscale sentiment analysis prototype overall average

performance is 83.3%, which is above Very Good.

5.6 Discussion of the Results

The main goal of this study is to design and develop a machine learning-based
multiscale sentiment analysis of Tigrigna Texts. Sentiment analysis is a process of
extracting and identifying information from users, to know feelings or opinions of
intended group or individuals. In order to achieve the general objective of the study
several experiments are conducted. The experiments were designed and conducted to

provide an answer for the formulated research questions.

As a result, evaluation results shown in Figure 5-12 provide an answer to RQ1[What
are the important features extracted from opinionated Tigrigna texts that have the
greatest influence on sentiment analysis?], and the results show hybrid of unigram and
bigram ,hybrid of unigram and trigram ,and unigram features are the important features
extracted from the experiment that have a great influence on classifying Tigrigna

sentiments.

Experimental results presented on the Figure 5-12 also answer RQ2[Which machine
learning techniques perform better classification for morphologically rich language,
Tigrigna, with respect to a preprocessed dataset?], SVM performs better than naive
Bayes and MaxEnt, with accuracy of 71.6% in unigram language model. Hence, SVM
with unigram language model is selected for creating a model used for Tigrigna
sentiment classification.

As summarized in Table 5-15, the conducted experiments in the second category
answer RQ3[What is the effect of stemming on the Tigrigna language sentiment
analysis?], stemming has a positive impact for bigram, hybrid of bigram and trigram,
and trigram models on Tigrigna sentiment analysis for all employed learning models.
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For SVM in hybrid of unigram and bigram, for NB in unigram and for MaxEnt in both
unigram, and hybrid of unigram and bigram language models, it does not show any
change. However, it showed a negative impact for naive bayes in hybrid of unigram
and trigram, and for SVM in unigram, and hybrid of unigram and trigram language
models. The negative impact is because stemming removes affixes, and some of the
affixes are indicative of sentiment and their removal leads to system under-

performance.

5.6.1 Comparison of related works

In this section, we have compared our proposed study with the previous studies on
Tigrigna sentiment analysis. As we discussed in section 2.10.4 , there are two studies
conducted on Tigrigna sentiment analysis and the discussion has focused on the major
findings of previous works to compare the findings of this study. The summary of the
comparison with the previous studies is shown in the following Table 4.10. We have
used a machine learning approach which is different than the previous researches
conducted for Tigrigna sentiment analysis and have used relatively large amount of data

comparing with the previous studies on this research and achieved encouraging results.

of Tigrigna online posts

No. | Author Title Method Accuracy

1 Mebrahtu Tadesse | Trilingual sentiment analysis | Lexicon 87.49%
on social media approach

2 Nabyom Shishay | Designing sentiment analysis | Lexicon not mentioned
model for opinionated Tigrigna | approach in accuracy
texts

3 Our study A machine learning approach to | Machine SVM-71.6%
multiscale sentiment analysis learning MaxEnt-69%

approach NB-66%

Table 5-17 Comparison of related works
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CHAPTER 6
CONCLUSION AND RECOMMENDATION

This chapter presents the conclusion and recommendation of the proposed multiscale
Tigrigna sentiment analysis model. Section 6.1 discusses the conclusion determined
from the research findings. Section 6.2 discusses contribution of this research work and
Section 6.3 discusses recommendations for future researchers who are interested to
precede in the same or related research area.

6.1 Conclusion

With this rapid invention and growth of web technologies, people, individuals and
organizations are increasingly using public opinions in blogs, forums, wikis, review
sites, social networks, and so on for expressing their views, opinions and for decision-
making. This has changed the manner in which people communicate and influence
social, political and economic behavior of other people and organizations. It has also
dramatically changed the way people express their views and opinions on all kinds of
entities such as products and services. These reviews are useful for service providers

and manufactures to make informed decisions and improving their service.

However, the huge volume of reviews stored on the social media in the form of tweets,
status updates, posts, comments, product reviews etc. grows so rapidly and becoming
increasingly difficult for users to analyze and extract useful information. Therefore, it
is important doing analysis on these sentiments to extract and identify the opinions of
people regarding company, products and provide a relevant information for
organizations which is crucial in making informed and right decision. An automated

sentiment analysis is thus needed.

In this research, an attempt is made to apply sentence-level sentiment analysis on sport,
education, politics, music and movie domains for Tigrigna online texts. Multi class
classification model is constructed using Naive Bayes, Maximum Entropy and Support
Vector Machine algorithms to classify reviews as very positive, positive, neutral,
negative and very negative. In this research work, we have collected 1500 sentences
and conducted 36 different experiments categorized into two categories for evaluating
the performances of the Tigrigna sentiment analysis and come up with a better

performance.

SVM with unigram language model outperforms all algorithms with 71.6% accuracy.
It showed a 1.6% improvement than MaxEnt, which have 69% accuracy, and 7.6%
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improvement than naive Bayes that have 64% accuracy in the first category of
experiments. The second category of experiments evaluation results show that
stemming has increased an accuracy of 42% to 47%,47% to 49%, and 47% to 49% in
bigram model 39% to 42%,46% to 49%,46% to 49% in hybrid of bigram and trigram,
and 21% to 23%,26% to 27%, and 26% to 27% in trigram model for Naive Bayes,
Maximum Entropy and SVM respectively. The results also show that stemming has no
effect for Naive Bayes and Maximum Entropy in unigram feature while it also reduced
in unigram for SVM learning model.

As Pang et al.(2002) suggest hybrid model performs better than bigram; hybrid model
performs better than bigram ,but experimental result of our study shows that the
accuracy of SVM algorithm with a unigram model is higher than hybrid. As Pang &
Lee (2008) reported it unigram feature is more effective for sentiment analysis, and the
unigram feature performed better in our case too. In conclusion, despite the language’s
morphological complexity and lack of effective morphological analysis tools, the
performance evaluation showed the study results are good and promising. Dealing with
the manual subjectivity analysis and data collection is by itself is tedious and resource
consuming work, as a result classification of texts as subjective and objective by
avoiding manual identification of texts and automatically collecting sentences from
their sources can reduce the huge effort to be devoted in building the needed sentiment

corpus.

6.2 Contribution of the thesis

The main contributions of this paper can be summarized as follows.
Proposed a model using machine learning approach to classify sentiment
analysis of Tigrigna online posts with acceptable accuracy, precision and recall.
A prototype based on the model is developed. and evaluated for effectiveness
and encouraging results are obtained.
The collected and prepared resources (corpus, stop words list etc.) can be used
for training and evaluation purposes in future research works.
The study can suggest works to be done on sentiment analysis related research
works for sentimental Tigrigna texts.

To the best of our knowledge, these issues have not been addressed by existing

approaches in the field of sentiment analysis for Tigrigna texts.



79

6.3 Recommendation
In this research, an attempt is made to design and develop multi-scale Tigrigna
sentiment analysis model using a supervised machine learning approach. Although, the
results obtained in this study are encouraging, further research and developmental effort
is needed to have a full-fledged sentiment analysis for Tigrigna language. As a result,
the following points should be considered and addressed in the future work.
Development of standard publicly available sentiment analysis corpus for
Tigrigna language.
Efficient and accurate morphological analysis tools for lemmatizing and POS
tagging tools that can handle all word categories because it is crucial in
subjectivity detection and sentiment analysis.
Combining lexical and machine learning, a hybrid approach, could improve the
performance of sentiment classification.
We used term weighting tfidf techniques for vectorizing the dataset before
training in this study. Thus, future works should explore other approaches such

as word embedding.
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APPENDIX A: List of Tigrigna Stop-Words
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4,
0e
Feq
Fe
10¢
net
104
10¢-
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532
T

1
1Pgo
i,
184
147
184
18-
1207
129
PATIA
G

Gk
G
Gty
GAhege
G
GF9
GG
G
Ty
Ge.
Get
Gerk
Gert:
e
GeAg
Ges
SR
GRH.
GeH
GLHg

chS
0T

7chN
707

70

7
707
70-P9°
700
0T
0PN
70T,
70T
700
70000
0TGP
70 THhY
70007
7090
77
Al
A8
Al
ANPGP
AN
AN
AN
Ang
ANe
ANPI°
Alv

AA
AAtT
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ALt
AANG
AAGEI°
Al
Aan?
hAAP
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AL
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AL
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AL
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AlH,
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A1
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A RIP
At

HEN
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A1chG
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e
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hCte
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U
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AP°(L
AT
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Al

A
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AQC-hob
hah.
h(Og°
AL

Al

a7
At
hth
hF
hfo°
AL
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W7

Wrhie
Krthrnege
Krthe7h,
Artherh
Arth g9
AT
ARG
ATH&R
W13
AT o7
AT
n18CH
W19
W1Le
K710CH
ah
K9
AT,

AR

%14

AD

a7y

hD<}
A%

Al
AHA7
hHA
AH.AKI°

hH

hHP
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AP0
We7

he

he

Lo
W&t
hefg°
heg°
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neqP

hAg

haP
hao-
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hgye
hgo-pge
nNgoAY
NP7
ngoat7
ngoh-fg°
ng°HAG
Ng°HATr9°
NIPHA'TL
ng°HAR
ngeHAR?
ngeH-L
ng°HA
ngPHA+7Y
ngoHAPI°
ey

A

hhoe

nhe

A%
o9
haye
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hdAT
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N7
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he
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hovf
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94-C
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HAD.
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Hove
HCAMM$T
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HCh(-
HChA
HChN
HOY v
HOYA
HAYA
Y
R
HhE
HHYG
Hh7hge
HH7h
HH7h
HH7h7?
HQ

PA?
AP
PI°9R
PI°b A
PN
eNAL7
N7
PNAG7?
PNAN7
eNANY
@m0
2
Lrachk:
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Ph.
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O
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AL
9LL
1890

ETa\
4Ngh
Gh
d.00+h
4,807
4oLolol?
AOMI°
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TCATY
TLHLTTE
TEOUCA
TGEHATT
Z°tvth

APPENDIX B: Short Words and their Expanded form List

LeahtC K

e L,

£hé K1

£ 1%

LR (a4
2htcC MMV O T
ey MLaPLVT7
3 P27 1.2CLA
AN 1101

o] LYTH
2.c.entc

av[(:avgPyC

0L/FPPVC: 0 PG
ASE HAERE

087 104 087

heA H/thed tPuCE
o/C.0FLC
O/0AQ:DHALNAN

¢. 9.0 HC.PATIL TULLAEC
¢/T, 20 HC.PETIL T LOEC
M1.eCLOINLLECLA
LTI AFNA7L T T
T, L0 HCTLLOEC
LB
ALLANALEN
N/E160ANCILC Tidd
A/TRNC: AL TRNC
WAT°%F1MC AT°% T

. Hovy.hE 0 Hovy
T/aN:97h04 AN
T[0T B TR RAL hb
714 PCIe L T4TC
0/vret:0t viet

a/c.entc
(L/6chést: (bt dchdot
L/ CS: 0T FC4
HIe:HT4ANS

0 A0t PV
7/0A0:72AN0A N
O/C:OLHC

F/0A0: FPL0AN

¢/ 0 HC.PRTIL TULOEC
¢.70.:PA7L TLL0EC
/AN INC: PR ANDTNC
T /C:nbC
P4AAIP: AL5ANIP
FIOTEIN AT 0
/i bosd

A/DAZA (ABTA DABA
LA L Rdve
A ONAMCT DA
h/HavY.h 8,0 Haoy
9.9:9av+ GAI°
ClaoIPUC:Ch aPIPYC
(/& Fch. (b G teh,
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G.9°:9a0+ JOh it
/Dot 7.0k hCOHE?
WL 10l VLDt
AEChILANEC
Ot &/8. 0T &CA.
av/C:avgPyC
O/6T.OLHET
TICTCEOC
¢. 770G PETIL TLLOEC
P/7L:PRTIL T L0 EC
L/9°0s: 0t 976
O TCTLLOBC
BT BATH
8ol 7.8, 241077
TENTVEC B1id
Alh:h8,0 ANO
IR Rb RINVHE
MONA:MCE OnA
CIFIOhSC:ChA TPI°hAC
%/%:%av+ GAgP
T/t TSHATT
TRCA: L0 EC MCA



APPENDIX C: List of Tigrigna Punctuation Marks

hovt 1L Space
i &CNAaéH Semi colon
EI 1 W VA Comma

ACQOT 1L Full stop
I agect wthe Exclamation Mark
chf JPaht Question mark
Paragraph separator

APPENDIX D: Sample of Cliticized Words
"% AR '@ K@Y AN
Eahty 0 QT RO ‘g0 AP

APPENDIX E: List of Normalized Characters

1=U =0 w=(
=0 =6~ w=(}
=17 a=1 U=
s=v a=9 v=q
=% %9 v=(,
1=V Z=0 =0
=P 2=p »=0

APPENDIX F: Sample of Strong Positive Reviews
1. 92e ikt HIAETh NMOL. L0 HOA A%
908, HDL MO, e HETPN
ACT AT ATIST PRC QAT HEA TGP a9t L@t ivey
SHMT KWANLT UNAQ APS-CATL 1chd HTAL he:

2
3
4
5. Mk, 9Che AQH, LF °09hn: NAM6TT, LA Alel AR
6. Mh. hOL G Alchd 740 ACENT AZH PRle

7. 1% havy 1MHTY, 6P AT AP

8. £ Nkt MR +riThe:

9. F9G AF@GA, aVTRAL PR

10. F9G 1697, 7e HEAP

11. BG ava02 NoTh eHAR AAS AN 77R A7

12. 82 ak&e:hNeF T NMoTY, K0P AL

13. 0" AhPTe: B0& 7 TR 7 MO, AP HetOhg°
14. &979, @1 MY, AP HLAONI° Poer::

15. &€+ NMéTY, 74%t KT
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R

e W7



16. 4% @4, av9PYC AHA AL PThAL KT

17. &% W@ fg® HIPhAN® 740 F9 (A AT

18. 81 it A& EO7rth 914 "% HhraL!!

19. 4% M7, 80+F 7 AGL 7 +NC AP ::

20. 40 MO, TLIE A Te9°

21. £ HOA QA AMOTL, 1§ 0E +PEAST PO

22. G2 Nchd L0 PN L8 PRAP

23. 270 N0 NMHT, V16PF KD IAH 71C T A0 e&AL°
24. ¢AF ANOTL NHICT® A1A0A T0APx

25. 0.8 TMCLOT G018 aPIPYCiGe (ihe X+P Frtq

APPENDIX G: Sample of Positive Reviews
1. AGL OLAGE 858 PoAA
. hCPP° PP AN'Q
. RITRRA ACOF +FPAAL THCEAN KOPL it he
. Ahav AN 1§ Adh P9 AZH 08, A AdA.:

2

3

4

5. AKA 740 TFAAL AR
6. ANA 10D T D4L T AR

7. AACKE TAPNN K0P Odch LhLch Al

8. 1§ ot RARF AN

9. 790 K0 av%lL 1A, WU Lld G TULST MIP° WHNDT FhT AR
10. 746 A NOVAR ANSLGH VAR apACh, tmedPh o+ &9°9, Aah
11. %%t &PI0.e7 Al P°&4-L 7 ANl PFAT 7 FChft=

12. 788 ha hOCT PAOST 79T AHG Trde 1 D40t AS

13. 1008t 7 b&t 7 Mot 80P AOTPOA KNP

14. 2002t OZ°CHT PO 7 AR A 6P AN AAP:

15. 200t FICE 80P AltPoA 104 AATEI® Potei

16. 70497 PANGT HLE AIPOC HOTPE ALhiT:

17. 748 HA%K AN PNTIO9P0Y, AR

18. Tirte @8, Al P AANT HTIRRA TOOPR AbeCO AR

19. 70 AQ9® AN AR

20. 92 Zath LR HICT AR

21. 62 294, £9°9. IPNIPLI° hiG A%



22.G¢ LP1 G2 ANl FAAL L0 ANl AN WHLAA QUCEP AL

23. G0 @F it HPLANS averth, HRNA LaPAAL,

24. G2 Trte aP0l3R Gch A 168 mTae PPNt Tk PP06ch Téch b
25. 692 A2 bt t HA PHMT AHECCO LIPLE

APPENDIX H: Sample of Neutral Reviews

1. 803 6Py FITLM A G0 7°CH FHPPS

4 TNt HPOA HLAT TINE he

&E-anPNAA Al A0 ANO RS

0w oPH FTLI A G0 7CF THPRS

Z0ch P8I0 PAFP a>H PP °ChA ANl T1-A0% 940 TAAR Ale

MALTE nOZf AJh Al AIRCH ThLT 4-0dh A0 havdd

14 0L P&, 85k 20 PAA 1LECLO TR AaPH(::

IHMG €6-9° (CYT? PHmE FIet 917 Al Tl £66C hIPHO%N F10.6-=
213 G0N N1 APt 6PO TEIRCAS AACXP Govt 213 9.9° heg

27 ol A6 AT PRATCOH TA0AML O P67 NIPHAGOHRI® AGAM:

© ©®© N o g B~ w0 DD P

272 ol A%16 avhAh® G0l TSTLCA I°9°PAG KDL

[ERY
o

L2 ACATER el G TELCA IPIPAA A9

-
-

Lo ANhaG ACHED-C7 il 23: ANl GA9° $Ravet ALK

[EY
N

L3 O T4 S0 TEIPC A Al

[EY
w

Lo 188 ARG 019 emd 32 1Pl hH AN aP0A AAAL LLF HChA::

H
S

. IGPReT TEHAYRI® havCe 04 fo9P

15. 18 QUA, AAPRE ANl OFLPP° N7 > H PP J°Cht NPPHPLOF +hllé
16. 19°09° A8.9691 éch ATALEL AL fLOCAEHT LAAT Alde

17. B0 PSP AN D13 RETIO AL 90T ACOGT OChT AAAMTI® AL9::
18. 2 07 9°N @®C(\. Gt avhav: (L7 HRL JPHCL(¢ 1108

19. Brét NCY'r BA 90 AIPAALEC ANGhA AN AARE HHESI®

20. 4.4 40T A0l $CL hedh G AT RGLHTE b hee +heqrge
21. B0Ct ao0$aed® Al o188 A%9P

22. 8RUeI° KLD12I° (AR RONTT P W8 hE, A7

23. BoJt Al Y16 vl T tAte (s IPHAOR P/91 AL 10290
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APPENDIX I: Sample of Negative Reviews
1. ACYT ANOPL. P&l VIILE G& TEAT 7 ANCHT 7 ACYT AP
. (87 aOCIRAI® ARAAPTYE IANT AT AP
. AG8 PIPHLC PLIThI® AP
. Q12 POAT ANCCHTRI® et haP:

2

3

4

5. AAM? : A1 HAP AR
6. AAMY ADLT APPRA AT HRAP THLM: HOA ADCEP AR

7. Admt AAP HLE Wh

8. CH hlie: B9 104 YAQAQL LA Ale:

9. £94°1 74871 OACPe A1Fe her Lh PPORI )4 HEhi+ 7400 Havph
10. 2kt T80 aGNTETI° +ANS

11. P°h8C AN PG T APIPx

12. 7 &9 AN AdA. 94C HAM CLAT 1D A%

13. et B9° L0 Ade THLATI0 HhH? A%

14. ot A0 KNG A

15. a2ThAL hChe: MO8 Athan BANY7 NPT 13.9P hls

16. @4inrt VOKTF @&PF RIPNC hAN hH GOT PA7::

17. aogPyC avchg Al A%k Trde +G14% 124 7 HAPL ALLTNT

18. A0 NAh ARIPC HAP ANl %AT° FSh (6 HhAL €99 @8, UH A%
19. MIF Tt LP hP9P LU Y69 Chh ALUNFY

20. chav-9° gt AT

21. A TR ATTRNLY® BeMP® he-9°

22. he KPI° LT TP hAAL:

23. A7IUCI° ORI AR

24. &tA A0 AATH SR $CNe R7PC

25. AO% AR NAA AThA AAP ANC U0, hAk Ao NAA

26. AN HTTP AL

APPENDIX J: Sample of Strong Negative Reviews
1. MO, h® HAhH? WA T WP AeI>Fh:
2. NP7, 1RARN AS
3. NI, +chGs AT 9PIFe AT FRAGPI::
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© © N o o &

AMOTL, MY, AHE @OMHTT a1 +I0C A
AMOTL, Aehit A1 AP HHCAT hDT AAQ:
AMOTL, aPhe.s +0C he HEDF

MO, 7IP OL LATI0 Al

AM6TL, AR HANC 799C hGFEE) @

NN, AT HPZA hE

CMHOO At @-APAN P70 AFAM PNALT!
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24,
25.
26.

AHON AACXL ThGIC TPeh PN

Ach HAWG T&AT HAP HI° AR

0421 6L ATFEASE Altch 1) hAP =

NOT7 WP° 9Ot WrhCh A0 06T, ATIP L8 echie:
A7 At HOO 9°39° MY, PN

AT 1IC 9% aPA° MIPTA Al HHLEP AT

ANY°H, HovZh 9°79° AD-M, PAY

AT HOAQ aPTROL FCH® 7 0A9T 7 OZ°CF HRLAT OY9° hf:
AL 017 NFAL Al L16E NLAPL Trae 184 AR

AFOLT FAdMM AdALA 9°U-C NIPHRA AR HAIPY

AFRhA N7, HhH? he

Av8e P G ARt Yiet 7 116R WAt ATFCA MO Pt Ae
NIXC G8 TICEF @44 NA@. U7 AHE® DuchST APIP:
oAt THO Wt 896 AN Fdvt AR

Nche N7IC LE WrHlh A0 %19 it A% HChAE

Nche aPA go9° LA HAA D27 ARhTT Hie
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APPENDIX K: User Acceptance Testing Evaluation Query

Dear Evaluator,

This evaluation form is prepared to evaluate to what extent the developed prototype is
usable by the end-users in the domain area. Therefore, we kindly request you to evaluate
the system by labeling the X symbol on the space provided for the corresponding

criteria. in advance. Note: the values are rated as: Excellent=5, Very good =4, Good=3,
Fair=2 and Poor =1.

No. | Criteria of evaluation

Excellent
Very Good
Good

Fair

Poor

1 Simplicity of the system

2 Efficiency and Effectiveness of the system

3 | Attractiveness of the system

4 Accuracy of the system to classify a given text

5 Importance of the system in the domain area

6 Error tolerance of the system
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APPENDIX L: Tigrigna Alphabets

H [5=
w i . . b .
M i, [, 1) £t = &4,
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13N et et |t o it e |2 B S o [ O I S o ) =
' u- ) - W Iy v |
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APPENDIX M: Tigrigna-English Transliteration Table

S| ©C| < (3] (3] s (3] o | O ]
A z121213 2|2 2R 21212 (BB |3
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=)
N N « | B 1 o~ oL &~
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é |Fe | ¢ |fu |é |fi 4 |fa é | fE & | f € |[fo |& |FWa
T | pe F |pu | T |pi T | pa T | pE T |p 7" |po | L |Pwa
Liablized Characters

® | qwe ¢ gWi |® [gwa |$ | qWE |+ | qW

£ | Qwe QWi | |QWa |F | QWE | P | Qw

e | kWe e | kWi | | kWa | B | KWE | It | kW

T | KWe T | KWu | D | Kwa | B | KWE | T | KW

T | gWe T | gWi |Z2 |gWa |?» |gWE | ™ | gW

APPENDIX N: Sample Code-I(Preprocessing)

dictionary = {'a"'e','a.""e~','a."'e"'2"'9",'&."'e, & e, 'R
LA (Sl T A L B R A (Sl B i
B B0 SRR A A A A AR A R TRV 1 U R T R R L i R N
tsa.replace(dictionary, regex=True, inplace=True)
def identify_tokens(text):
text= WordPunctTokenizer().tokenize(str(text))
return text
def con_expansion(con):
#con=row['Tokens']
if type(con) is str:
for key in contractionList:
value=contractionList[key]
con=con.replace(key,value)
return con
else:
return con

tsa[ Tokens']= tsa[ Tokens'].apply(lambda con:con_expansion(con))
def remove_punctuations(text):
punctuations = ['s', =", ', g e e ]
for pun in string.punctuation:
punctuations.append(pun)
for punctuation in punctuations:
text = str(text).replace(punctuation," ")

return text

tsa['removed'] = tsa['Tokens'].apply(remove_punctuations)
def rejoin_words(row):
my_list = row['removed']




97

joined_words = (".join(my_list))
return joined_words

tsa['Preprocessed’] = tsa.apply(rejoin_words, axis=1)

emoji_pattern = re.compile("["
u"\UO001F600-\UOOO1F64F" # emoticons
u"\UO001F300-\UOOO1F5FF" # symbols & pictographs
u™\UOO01F680-\UOOOLF6FF" # transport & map symbols
u"\UOOO1F1EO-\UOOO1F1FF" # flags (iOS)
u™\u00002702-\U000027B0"
u"\U000024C2-\U0001F251"
"1+", flags=re.UNICODE)

def remove_emoji(string):
return emoji_pattern.sub(r", string)

tsa['Preprocessed'] = tsa['Preprocessed’].apply(remove_emoji) # Apply the remove_emoji
function to each row in the text column

tsa['Preprocessed'] =tsa['Preprocessed'].str.replace(r'\b\w\b',").str.replace(r'\s+', ' ')
tsa['Preprocessed’] = tsa['Preprocessed'].str.replace(r'["\u1200-\u137F]', ' ")
tsa['Preprocessed'] = tsa['Preprocessed’].str.replace(’ +',' ',regex=True)
tsa['Preprocessed']= tsa['Preprocessed'].str.lIstrip()

Tigstopword = nltk.corpus.stopwords.words('Tigrigna')

tsa['Preprocessed'] = tsa['Preprocessed’].apply(lambda x: ' *.join([item for item in x.split() if item
not in Tigstopword]))

cols_to_drop = ['Sentence’, Tokens','removed’]
tsa.drop(cols_to_drop,axis=1, inplace=True)
tsa.to_csv('Preprocessed.csv', index=False)

APPENDIX O: Sample Code-ll(Lemmatization)

def lemmatize_all_dataset():
tsa['Processed '] = tsa['Processed'].str.replace(’ ', ' ")
with open('lemma_tsa_22.txt', 'w',encoding="utf8") as f:
f.write(tsa['Processed_'].str.cat(sep=":"))
hm.anal_file('ti', 'lemma_tsa_22.txt"'lemma_tsa_output_22.txt',nbest=1)
mystr="x"
f = open('lemma_tsa_output_22.txt', 'r+',encoding="utf8")
lines = f.readlines()
mystr = ".join([line.strip() for line in lines])
mystr=mystr.split(‘:: =)
text_file = open("Lemmatized_tsa_Output_22.txt", "wt",encoding="utf8")
text_file.write("Lemmatized\n")
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for sent_token in mystr:
token=sent_token.split("_: ")
for tin token:
t=re.sub(r'<(.*?)>",r", str(t))
t=re.sub(r'\|(.*?)\:",r", str(t))
t=re.sub(r',',r", str(t))
re.sub(r'=(.*?)",r' ", str(t))
t=re.sub(r'grammar(.*?)',r'*, str(t))
t=re.sub(r'word:(.*?)citation:',r'x', str(t))
t=re.sub(r'["\u1200-\u137F]',r" t)
text_file.write(t)
text_file.write(" ")
text_file.write("\n")
text_file.close()

f = open('Lemmatized_tsa_Output_22.txt', 'r+',encoding="utf8")

lines = f.readlines()

mystr = "=".join([line.strip() for line in lines])

mystr=re.sub(r'=',r'\n', mystr)

with open("Lemmatized_TSA Output_Final.csv”, "w",encoding="utf8") as f:
f.write("".join(mystr))

tsa2= pd.read_csv('Lemmatized TSA Output_Final.csv', sep=',",encoding="utf8")

tsa['Lemmatized']=tsa2['Lemmatized]

APPENDIX P: Sample Code-I11 (Training Learning Model)

test_size=0.2

cv_counts=TfidfVectorizer(ngram_range=(1,1),analyzer="word’)
X_counts=cv_counts.fit_transform(tsa.Processed).toarray()

X_counts.shape

X_train, X_test, y_train, y_test = train_test_split(X_counts, tsa.Polarity,
test_size=test_size,shuffle=True, random_state=123,stratify=tsa.Polarity)

#X_test = cv_counts.transform(X_test)

clf_Multinomial=MultinomialNB()

clf_Multinomial.fit(X_train,y_train)

print(‘The Train score for Multinomial is {0}'.format(clf_Multinomial.score(X_train,y_train)))
print('The Test score for Multinomial is {0}'.format(clf _Multinomial.score(X_test,y test)))

y_predict=clf_Multinomial.predict(X_test);

print(classification_report(y_test, y_predict))
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print(confusion_matrix(y_test, y_predict))

sentl=clf Multinomial.predict(cv_counts.transform([preprocess_sent("a+9® a0t G& ACté A19°
A@-¢-8 721FT G0t h20T7")]))

print(sentl)

print("Total Sentences:")

print(len(X_counts))

print("Total Trainig Sentences:")

print(len(X_train))

print("Total Testing Sentences:")

print(len(X_test))




